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Abstract

The field of video generation has expanded significantly in
recent years, with controllable and compositional video gen-
eration garnering considerable interest. Most methods rely
on leveraging annotations such as text, objects’ bounding
boxes, and motion cues, which require substantial human ef-
fort and thus limit their scalability. In contrast, we address the
challenge of controllable and compositional video generation
without any annotations by introducing a novel unsupervised
approach. Our model is trained from scratch on a dataset of
unannotated videos. At inference time, it can compose plau-
sible novel scenes and animate objects by placing object parts
at the desired locations in space and time. The core innova-
tion of our method lies in the unified control format and the
training process, where video generation is conditioned on a
randomly selected subset of pre-trained self-supervised local
features. This conditioning compels the model to learn how
to inpaint the missing information in the video both spatially
and temporally, thereby learning the inherent compositional-
ity of a scene and the dynamics of moving objects. The ab-
straction level and the imposed invariance of the conditioning
input to minor visual perturbations enable control over object
motion by simply using the same features at all the desired
future locations. We call our model CAGE, which stands for
visual Composition and Animation for video GEneration. We
conduct extensive experiments to validate the effectiveness of
CAGE across various scenarios, demonstrating its capability
to accurately follow the control and to generate high-quality
videos that exhibit coherent scene composition and realistic
animation.

Project website — https://araachie.github.io/cage

Introduction

Video generation has gained significant attention in recent
years, offering a transformative approach to various do-
mains, ranging from content creation (Bar-Tal et al. 2024) to
robotics (Guo et al. 2023a), autonomous driving' (Hu et al.
2023; Zhang et al. 2024; Gao et al. 2024) and video games
(Menapace et al. 2024). Controllable video generation mod-
els are of particular interest, as they enable users to sim-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

'For example, GAIA by Wayve (https://wayve.ai) and the world
models developed by Waabi (https://waabi.ai)
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Figure 1: Scene composition and animation with CAGE on
the CLEVRER and the BAIR datasets. CAGE is able to
combine multiple object features from different source im-
ages and use them to compose and animate the scene in a
controllable way. The selected features are shown as over-
laying red patches. Blue patches in the controls correspond
to the intended future locations of the objects. Notice the
ability of the model to carefully adjust the appearances (e.g.,
sizes, shadows and lights) of the objects based on their loca-
tion in the target layout. Use the Acrobat Reader to play the
first images in the generated sequences as videos.

control  generated sequence —

ulate the outcomes of desired changes in the environment,
such as editing scene composition or assigning specific ac-
tions (e.g., moving the agent or other objects in a certain
direction). Unlike traditional simulators, which require ex-
tensive manual effort to design and maintain synthetic en-
vironments, controllable video generation models can learn
directly from real-world data, capturing interactions within
complex scenes. This capability allows for the creation of
realistic and dynamic environments that can be used to train
and evaluate intelligent agents in a more flexible manner (Ha
and Schmidhuber 2018; Mendonca, Bahl, and Pathak 2023).

However, integrating control presents challenges due to
the unavailability of information about ongoing actions in
real-world video data. Existing models often rely heav-
ily on large-scale and expensive supervision, such as text-
annotations (Hu, Luo, and Chen 2021), objects’ bounding
boxes (Wang et al. 2024; Li et al. 2024), segmentation (Han
etal. 2022), and motion cues (Shi et al. 2024). These require-
ments not only limit the scalability and flexibility of these
models but also constrain their applicability to new domains
where such annotated data is scarce or nonexistent.

To address this limitation, recent advancements have pro-



posed unsupervised learning methods that build controllable
video generation models only from real videos (i.e., with-
out any information about the actions or the action space)
(Menapace et al. 2021; Blattmann et al. 2021; Davtyan and
Favaro 2022; Bruce et al. 2024). In these models, control
is often defined as a separate input from visual data, rang-
ing from motion encodings (Blattmann et al. 2021; Davtyan
and Favaro 2022) to general embeddings (Menapace et al.
2021, 2022; Bruce et al. 2024), which are learned directly
from the visual data. However, these control signal choices
impose limitations on the tasks the model can perform. For
instance, they allow to specify objects’ motion, but not how
to compose a scene, which we aim to address in this work.

We propose CAGE, short for visual Composition and An-
imation for video GEneration, a generative model capable
of creating environments and animating objects within them
(see Fig. 1). A key innovation in CAGE is that its control
is specified directly through a set of “visual tokens” rather
than embeddings from a separate action space. These visual
tokens provide information regarding the identity of objects
(what), or parts thereof, and their spatio-temporal place-
ment provides information about where the objects should
appear in certain frames in the future. As visual tokens we
use DINOvV?2 spatial features (Oquab et al. 2023). Our ex-
periments demonstrate that leveraging DINOv?2 features en-
ables our model to mitigate overfitting to the control sig-
nal and facilitates zero-shot transfer from other image do-
mains. During training, we extract DINOv2 features from
future video frames and utilize a sparse subset of these fea-
tures as the control signal. By using this partial information,
the model is trained to inpaint the surrounding context, both
spatially and temporally, and thus learns to generate future
frames consistent with the specified control signal. In sum-
mary, CAGE produces a video output that encapsulates the
desired composite scene, along with animations depicting
the objects within it, including their interactions. Because
we train CAGE in a fully unsupervised manner, it can be
readily scaled to accommodate large datasets. Our main con-
tributions are summarized as follows:

* CAGE is a novel controllable video generation model
trained without any human supervision, capable of scene
composition and object animation;

we introduce a unified control format that simultane-
ously can specify how to compose and animate a scene
through a sparse set of visual tokens. This format al-
lows to describe a wider range of prediction tasks than
motion-based controls. In particular, it allows to compose
scenes. Moreover, our control allows zero-shot transfer
from frames not in our training set;

CAGE generates more realistic videos than prior work
(according to the commonly used metrics) and its con-
trollability has been validated experimentally.

Prior Work

Video Generation. Recent advancements in the field of
video generation have been remarkable, driven predomi-
nantly by the impressive capabilities of diffusion and flow-
based models. These models have significantly enhanced the
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generation of both images and videos from text descrip-
tions, setting a new benchmark in the domain. The foun-
dational work in text-to-image generation (Rombach et al.
2022) has paved the way for its extension to the text-to-video
arena (Guo et al. 2023b; Ho et al. 2022a,b). However, as
highlighted by Blattmann et al. (Blattmann et al. 2023) and
Zhang et al. (Zhang et al. 2023a), despite these advance-
ments, current text-to-video models often produce videos
with objects whose motion trajectories appear relatively ran-
dom. Moreover, specifying precise motion dynamics with a
lone text prompt poses significant challenges.

Supervised Controllable Video Generation. A first ap-
proach that can exploit more accurate motion specifications
in the text prompt is MAGE (Hu, Luo, and Chen 2021).
This approach aligns well with the text-to-video generation
pipeline, albeit necessitating increased supervision. An al-
ternative strategy is to use ControlNet (Zhang, Rao, and
Agrawala 2023) for videos (Zhang et al. 2023b; Chen et al.
2023; Ma et al. 2023). This is particularly effective when
the future frame structure is known, as it offers a predefined
control mechanism. Models such as Boximator (Wang et al.
2024) and Motion-I2V (Shi et al. 2024) enhance controlla-
bility by employing bounding boxes or motion flows as more
intuitive control mechanisms. These models rely on super-
vised learning paradigms and in particular on text descrip-
tions. While effective, this reliance poses inherent limita-
tions on scalability and adaptability, as supervised methods
require large, labeled datasets, which are resource-intensive
to produce and may reduce their applicability scope.
Unsupervised Controllable Video Generation. Unsuper-
vised approaches in video generation have been gaining trac-
tion, primarily focusing on leveraging implicit signals such
as masks (Huang et al. 2022), learned actions (Menapace
et al. 2021; Bruce et al. 2024; Davtyan and Favaro 2022)
and optical flow (Blattmann et al. 2021). These methods of-
fer a promising avenue by minimizing reliance on extensive
labeled datasets, thus addressing the scalability and adapt-
ability challenges inherent in supervised models. The clos-
est to our work, YODA (Davtyan and Favaro 2024) condi-
tions the generation on a sparse set of optical flow vectors
and achieves remarkable capabilities in generating out-of-
distribution and counterfactual scenarios. However, despite
the steep progress, these models often struggle to achieve
cross-scene generalization, as their generative capabilities
are tightly coupled with the specificity of the condition-
ing signals used during training. Moreover, none of these
models is capable of simultaneously composing and animat-
ing the scene with the same control signal. In contrast, our
model leverages sparse “visual tokens” for local condition-
ing, offering an innovative, intuitive and flexible mechanism
that expands the control space available in the prior work
and hence advances video generation.

Inside the CAGE

The goal of controllable video generation is to learn the fol-
lowing conditional distribution
(xn—i-l:n—i-k | J}l:", a71,+1:71,+k)
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Figure 2: Overall pipeline of CAGE. The model takes all the colored frames and processes them equally and in parallel. The
pipeline for a single frame (z?, in red) is illustrated. CAGE is trained to predict the denoising direction for the future frames
(z%*+2) in the CFM (Lipman et al. 2022) framework conditioned on the past frames (context and reference) and sparse random
sets of DINOv2 (Oquab et al. 2023) features. The frames communicate with each other via the Temporal Blocks while being
separately processed by the Spatial Blocks. The controls are incorporated through Cross-Attention.

where 27 € R3*XHXW 1,...,n + k is a sequence
of RGB video frames, a® is the control at time 4, and x%J
(a*7) denotes the set of consecutive video frames (controls)
between times ¢ and j > i. Following (Davtyan, Sameni,
and Favaro 2023) we model the distribution in eq. 1 as a
denoising process in the conditional flow matching (CFM)
formulation of diffusion (Lipman et al. 2022). In CFM, the
model v, (2T 1R | glin gntlintk gy with parameters 0
is trained to approximate the direction of the straight line
that connects independently sampled noise and data points:

0" = argminE [[v, — o 4 (1= g )ag R
@

Here the expectation is with respect to t,zg, 21, and a,
where ¢ is a random timestamp sampled from U[0, 1], 2§ ~
N(0, 1), zt"+* and a1 +F are sampled from the dataset,
and 2 = tz' + (1 — (1 — 0y, )t) 2} with a small o, = 1077.
It can be shown that integrating from ¢ = 0 tot = 1 the
following ODE

Xt — Ut(Xt | xl:n7 an-&-l:n-ﬁ-k7 9*)’
p(Xo) = N(0,1),

where X; denotes the window of noisy future frames
$?+1:n+k’ leads to p(X1) ~ p(mn—&-l:n-&-k | xl:n7 an-{—l:n-{-k)‘
That is, to sample from the probability density function in
eq. (1) one can sample Gaussian noise at time 0 and grad-
ually denoise it by following the trajectories of eq. (3) till
time ¢ = 1. For more details, please refer to (Lipman et al.
2022).

As suggested in (Davtyan, Sameni, and Favaro 2023)
we relax the computational complexity of conditioning on

3
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the past frames by distributing the conditioning over the
flow integration steps. This allows to effectively condi-
tion each step only on two past observations: the previous
one x™ (the reference) and one uniformly sampled from
the past x¢ (the context). Thus, we work with the model
v (TR | gn gl gntlntk gy e~ U{1,.. . n — 1}
At inference, c is also randomized at each integration step
of the ODE. This allows the model to observe all the past
frames, while keeping the computational costs constant.

We also observed that decoupling the noise levels of sep-
arate frames during training is beneficial to the quality of
the generated frames. Le., we sett = (¢1,...,t;) with inde-
pendently sampled ¢; that are not necessarily equal to each
other and X, = aTH "% = (gt . 2 F). This al-
lows the noisy frames to exploit shared information (e.g., the
background) in the less noisy frames and leads to improved
training. Besides this, the model with decoupled ¢ is more
flexible at inference, where the denoising can be done within
a sliding window of growing noise levels. However, here we
leave exploring this capability to future work and instead fo-
cus on the model’s controllability. A similar technique was
proposed for motion synthesis (Zhang et al. 2023c) and for
video diffusion (Ruhe et al. 2024).

Lastly, before we proceed to the definition of our control
format, we would like to point out an important requirement
for our model. To enable the synthesis of a scene given only
the controls (also referred to as “from scratch”), we drop
the conditioning on the context frame for 50% of the train-
ing. Moreover, we drop the reference frame 20% of the time
during which we drop the context frame. By simultaneously
training our model under different conditioning settings, we
endow it with the ability to both predict videos from some



initial frames and to generate them from scratch.

Controlling Scene Composition over Time via
Sparse Features

Our goal is to build a video generation model in which
the controls can serve both as motion guidance for the
video prior and as scene generation specifications. The lat-
ter control means that when we omit the conditioning on
the past, the model has to generate and animate the scene
from scratch. The control input describes the scene in terms
of objects (or parts thereof) and their positions in space and
time. In contrast to prior work that is either limited to only
scene generation (Epstein et al. 2022; Hudson and Zitnick
2021) or uses supervision (Huang et al. 2023; Ma, Lewis,
and Kleijn 2023), instead of leveraging composite separate
solutions for scene generation and animation (Bruce et al.
2024; Wang et al. 2024), we seek for a unified control that
can simultaneously solve both problems in an unsupervised
way.

To this end, we propose to use a sparse set of DI-
NOvV2 (Oquab et al. 2023) spatial tokens from the last [
ViT (Dosovitskiy et al. 2020) layers as the controls a*. More
precisely, for each future frame z°, each spatial token from
the 16 x 16 grid f* € R4X16x16 of jts DINOv2 encodings is
assigned a probability © € [0, 1] to be selected for control.
Then, a random 16 x 16 mask m' € R'6%16 j5 sampled from
the corresponding Bernoulli distribution. This mask consists
of Os and 1s, where 1s stand for the selected tokens. The
control is then calculated as

a'=m'- f'+ (1 —m') - [MSK],

where [MSK] € R%*1*1 s a trainable token.

By conditioning on sparse DINOv2 features and training
for video prediction (generation) we gain two major advan-
tages. 1) The controls are unified and data-agnostic. This
means that, during testing, a scene can be constructed by
positioning DINOv?2 features extracted from unseen images.
These images can even belong to domains not present in the
training set, as we later demonstrate. Object motion can be
specified by simply adjusting the position of the same fea-
tures in future frames. 2) The controls are abstract enough to
enable the prediction of changes in the appearance and loca-
tion of moving objects across multiple frames by using the
same features. In contrast, if RGB patches at the pixel level
were used as controls, the model could overfit by relying
on the texture details of specific object instances to recover
their exact positions. Indeed, in the ablations we show that
the controllability suffers from too much information in the
control tokens. This motivates us to use features rather than
raw color patches. By default, unless otherwise stated, we
leverage the ViT-S/14 version of DINOv2.

Note that our model is general enough to leverage other
feature extractors that satisfy the properties mentioned
above, such as CLIP (Radford et al. 2021). However, we
empirically find DINOv2 to perform better. Moreover, we
favor the use of DINOV2, in contrast to CLIP, because it
was trained in an unsupervised manner, which makes CAGE
fully unsupervised. We ablate the choice of DINOv2 as the
feature extractor in the supplementary material.

“
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Scale and Position Invariance

Even though DINOv2 features are quite abstract, they pre-
serve information about the original position of the corre-
sponding patches in the input images (Yang et al. 2023).
Naively conditioning on those features would lead to over-
fitting to such positional information and hence achieve lim-
ited controllability over the locations of the objects (see Sec.
and the supplementary material). In order to mitigate this is-
sue, we propose to feed the features in such a way that the
identities of the objects would be preserved, but their posi-
tional information would be destroyed. To do so, we calcu-
late the features on random crops instead of whole images.
This approach ensures that the position of objects within
the crop varies throughout training, encouraging the model
to disregard positional information. This procedure is illus-
trated in Fig. 3.

Out of Distribution Controls

YODA (Davtyan and Favaro 2024) demonstrated the abil-
ity to generalize to out of distribution (0.0.d.) control. In
fact, YODA can move background objects in the BAIR
dataset (Ebert et al. 2017). In the training set, background
objects only move when pushed by the robotic arm. This
is accomplished by balancing two objectives during train-
ing: 1) learning the video prior, which defines how objects
should move when no controls are specified, and 2) learning
to accurately follow the provided controls. The right balance
is the outcome of tuning many components, among which
the most important ones, according to Davtyan and Favaro
(2024), are the number of the controls and where they are
sampled. In contrast, we propose to keep the training simple
and rely on the compositionality. Our method has no restric-
tions on where the controls can be sampled from. Instead, we
propose to find the balance at test time by utilizing classifier-
free guidance (Ho and Salimans 2022) to allow generaliza-
tion to the 0.0.d. controls. More precisely, we modify the
estimated vector field with

vy = (1 + ’LU)'Ut(Xt ‘ xl:n7an+1:n+k79*)
_w'vt(Xt ‘ xl:n’ @, 0*)7

S
(6)

where w > 0 is the guidance strength. The larger w the
more the model relies on the control (to move background
objects) rather than on the video prior (not to move back-
ground objects). Fig. 4 shows some examples of 0.0.d. con-
trols in BAIR.

Training Details and Architecture

For computational efficiency, as proposed in (Rombach et al.
2022), CAGE works in the latent space of a pre-trained
VQGAN (Esser, Rombach, and Ommer 2021). All frames
™"k ag well as 2¢ are separately encoded to latents. Each
latent is a feature map of shape ¢ x h x w. These latents are
first reshaped to (h - w) x c. Then a random set of tokens
(but the same across time) is dropped from each of the latent
codes, leaving m = | (1 —r) - h - w| tokens per latent. Here
r is the masking ratio that is typically equal to 0.4 in our
experiments. The remaining tokens are then concatenated in
the first dimension to form a single sequence of (k 4 2) - m
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Figure 3: The process of selecting controls for conditioning. The image is first cropped and resized to 224 x 224 resolution that
can be fed to DINOV?2 to obtain the spatial tokens. Those are then pasted back to the original location of the crop and sparsified.
This is done to prevent overfitting to the position information that is present in DINOv2 features. Besides this, calculating the
features on the crops of the image makes the model scale invariant. That is, at inference we are able to copy objects from the
background and paste them to the foreground and vice versa. The model should be able to automatically figure out how to scale
the objects according to their target position in the scene as well as how to add other position-related textures (e.g. shadows).

tokens. This sequence is then passed to v;, which we model
as a Transformer (Vaswani et al. 2017) that consists of 9
blocks of alternating spatial and temporal attention layers.
Spatial layers are allowed to only attend to the tokens within
a given frame, while temporal layers observe all the tokens.
As suggested in (Hatamizadeh et al. 2023), ¢ is embedded in
the architecture as a time-depended bias that is added to the
queries, keys and values in all attention layers. We add learn-
able spatial position encodings to all the tokens before feed-
ing them to v;. The same position encodings are later added
to the control tokens a™*1"** For the video indices tem-
poral layers employ relative position encodings (Wu et al.
2021). 5 middle blocks of the Transformer additionally in-
corporate cross-attention layers, where tokens from the ¢-th
frame attend to a’. The overall pipeline of CAGE is depicted
in Fig. 2.

Experiments

In this section we conduct a series of experiments on sev-
eral datasets to highlight different capabilities of CAGE and
demonstrate its superiority over the prior work.

Data

We test our model on 3 datasets. Ablations are conducted on
the CLEVRER (Yi et al. 2019) dataset. This dataset con-
sists of 10k training videos capturing multiple synthetic ob-
jects colliding into each other and interacting on a flat sur-
face. This dataset combines simplicity of the objects with
quite interesting interactions and supports compositionality
making it a great field for experimentation. We further test
CAGE on the BAIR (Ebert et al. 2017) dataset, which is a
dataset containing 44k clips of a real robotic arm manipu-
lating diverse set of objects on a table. This dataset provides
more complex objects and interactions and is suitable for
demonstrating generalization to 0.0.d. controls. Finally, we
test our model on real egocentric videos from the EPIC-
KITCHENS (Damen et al. 2021) dataset. For making the
training more resource efficient, we restrict ourselves to a
single person/kitchen from the dataset, namely P0O3.

Ablations

We start by ablating different components of CAGE on the
CLEVRER (Yi et al. 2019) dataset. For ablations we train
CAGE with a smaller batch size of 16 samples. However,
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later we show that the performance of the model scales ac-
cordingly with larger batch sizes.

In order to select the best configuration of the model, we
assess its controllability in terms of scene composition. To
this end, we have annotated 128 images from the test set of
the CLEVRER dataset by selecting 4-6 random patches of
the same object in an image. Then, the model is fed as input a
real frame and the selected patches shifted to a random target
location, and outputs a generated frame. The quality of the
generated frame is measured with a combination of two met-
rics: FID (Heusel et al. 2017) for image realism and CTRL,
which we propose for measuring control accuracy (i.e., how
much the generated frame follows the input control). CTRL
is the ratio of S over D. S is high when the object in the real
image has moved to the desired target destination. It is mea-
sured as the cosine distance between normalized DINOv2
features at the initial position in the real frame and those at
the target location in the generated frame. D instead is high
when the object does not move. It is measured as the cosine
distance between normalized DINOv?2 features at the initial
position in the real frame and those at the same initial loca-
tion but in the generated frame. Finally, CTRL is high when
the model is highly controllable and low otherwise. Empir-
ically we observe that both .S and D are lower bounded by
some positive number, which makes CTRL a valid metric.
We test different configurations of the model and demon-
strate that the variant with 1 DINOv2 layer, 7 = 0.1, k = 3,
with randomized ¢; and scale/position invariance performs
the best on CLEVRER (see Table 1). We provide visual ex-
amples to highlight the limited control in the ablated models
in the supplementary material.

Quantitative Results

CLEVRER. Employing the optimal settings identified in
the ablation studies, we train CAGE with the full batch size
of 64 samples and report the results in Tab. 2. Besides the
scene composition metrics studied in the ablations, follow-
ing Davtyan and Favaro (2024), we reconstruct 15 frames
of a video from a single initial one conditioned on the con-
trol for the first generated frame. We report LPIPS (Zhang
et al. 2018), PSNR, SSIM (Wang et al. 2004) and FVD (Un-
terthiner et al. 2018). Table 2 shows that CAGE generates
videos of better quality compared to prior work.

BAIR. Following prior work by Menapace et al. (Menapace



Ik ra;dom scii‘j’pos CTRLT FIDJ
1 01 3 1306 12.88
1011 v v 1529 985
1 01 3 v 1.59  5.82
1 09 3 v 1464  6.19
1 05 3 v v 1566 5.19
1 0013 v v 0782  6.11
4 01 3 v 1.084 524
2 01 3 v v 1500  4.95
1 01 3 v 1.615 498

Table 1: Ablations of model components with respect to
compositional scene generation quality. The controllability
score (CTRL) and the image quality (FID) are evaluated.
The row corresponding to the full model is highlighted in
gray. For the CTRL metric the average of 5 runs is reported.

Method LPIPS) PSNR{ SSIM? FID] FVD| CTRL?}
YODA 0.126 30.07 093 5.7 70 -
CAGE (ours) 0.166 30.02 098 43 62 1.667

Table 2: Comparison with YODA (Davtyan and Favaro
2024) on the CLEVRER dataset. 15 frames generated from a
single one. Control is provided for the first generated frame.

et al. 2021), we trained CAGE on the BAIR dataset (Ebert
et al. 2017). We autoregressively generated 29 frames start-
ing from a given initial frame and employing various con-
trols. For feature extraction on BAIR we found that it is op-
timal to use the 2 last layers of ViT-B/14 variant of DINOv2.
The experiment was conducted on the test videos from
BAIR, utilizing an Euler solver with 50 steps as our ODE
solver to ensure precise temporal evolution. We assessed the
quality of the generated frames by reporting LPIPS (Zhang
et al. 2018) scores (between the generated images and the
ground truth frames) and FID (Heusel et al. 2017) scores.
More importantly, we utilized FVD (Unterthiner et al. 2018)
to quantify the quality of the generated motions and the con-
sistency of the frames. To verify the generalization capa-
bility of our conditioning scheme, we evaluated the same
model under three distinct settings (results shown in Tab. 3).
In the 10% control setting, we encoded future frames us-
ing the same DINOv2 model employed during training and
conditioned the model on 10% of these features, randomly
sampled with 7 = 0.1, which mirrors the training setting.
To assess the robustness of our model, we also evaluated it
with only 1% of the future features (i.e. by setting m = 0.01,
resulting in 1-2 features per frame on average), achieving
superior FID and FVD scores compared to other models.
Lastly, unlike the previous two settings, which were non-
causal (i.e., conditioned on the features of the ground truth
future frames), we experimented with a setting where fea-
tures from the first frame were propagated to subsequent
frames using the flow determined by assessing the cosine
similarity between future patch features and the first frame’s
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Method LPIPS| FID| FVDJ
CADDY (Menapace et al. 2021) 0.202 359 423
Huang et al. (Huang et al. 2022)

positional 0.202 28.5 333

affine 0.201 30.1 292

non-param 0.176 293 293
GLASS (Davtyan and Favaro 2022) 0.118 18.7 411
YODA (Davtyan and Favaro 2024)

5 controls 0.112 18.2 264

1 control 0.142 19.2 339
CAGE (ours)

10% controls 0.107 6.4 136

1% controls 0.149 7.2 169

tracking 0.194 9.1 214

Table 3: Evaluation on the BAIR dataset.

from GT o.0.d. o.0.d.
Method GT dist. S L

CADDY (Menapace et al. 2021)  6.29
GLASS (Davtyan and Favaro 2022) 1.75

25.00 25.07 30.06

YODA (Davtyan and Favaro 2024) 1.41  1.77 201 3.37
CAGE (ours) 274 293 357 545
CAGE (ours) w/ pos. interpolation 2.29  2.33 2.85 4.77

Table 4: Optical flow error in pixels of the control applied to
the robotic arm in the BAIR dataset. Average of 5 runs.

features. We applied a high cosine similarity threshold of
0.95 to ensure the accuracy of the flows and maintain con-
trol percentage comparability with the training setting. This
setting approximates the use of the model at inference, and
the experiment shows that CAGE performs better than the
prior work even under this domain gap between the training
and the test times.

Even though methods with different controls are techni-
cally not comparable, other than for video quality, and dif-
ferent controllability metrics incorporate biases towards fa-
voring certain controls, for completeness, we measure the
controllability score proposed in (Davtyan and Favaro 2024)
and report it in Tab. 4. This score measures the discrepancy
in pixels between the intended control (which in (Davtyan
and Favaro 2024) is an optical flow vector that is applied to
an object) and the optical flow estimated with a pre-trained
optical flow network (RAFT (Teed and Deng 2020) in this
case) between the initial and the generated frames. As done
in the ablations, we annotate 128 frames from the BAIR
dataset with the locations of the robot patches and apply ran-
dom shifts to the patches to assess the controllability. Fol-
lowing (Davtyan and Favaro 2024), we report the controlla-
bility score in 4 different settings: 1) the shift is estimated
from the ground truth future frame 2) the shift is generated
with a uniform direction and the norm sampled from the
ground truth distribution, which is N(7.19,5.12) 3) o.0.d.
S - the same as 2), but the norm comes from A (10,0.1)
4) o.0.d. L - the same as 2), but the norm comes from
N (20,0.1). CAGE performs slightly worse than (Davtyan



Method LPIPS| PSNR?T FID| FVDJ
YODA (Davtyan and Favaro 2024) 0.436 1622 152 664
CAGE (ours) 0.283 2225 95 393

Table 5: Evaluation of the generated videos on the EPIC-
KITCHENS dataset.

w=00 w=0.0

5,

~
T

Figure 4: The effect of CFG on the generalization to out of
distribution controls on the BAIR dataset. While the robotic
arm can be controlled with no guidance (w = 0.0), with
larger w the model is also able to move the background ob-
jects not moving on their own in the training data. Click on
the images to play them as videos in Acrobat Reader.

w="7.0

and Favaro 2024) in this experiment. However, it is impor-
tant to note that the metric used here is measured in pixels,
while our method operates with patches arranged on a fixed
grid. To overcome the limitation of grid-aligned patches and
capture shifts smaller than the grid step, we propose interpo-
lating the position encodings added to features before using
them as controls. This technique is implemented in a zero-
shot use of our pre-trained model and demonstrates better
controllability compared to the vanilla implementation. Fi-
nally, the highest score of CAGE, which is 4.77, is less than
half the patch size, which is 16 x 16. Based on that, we can
claim the controllability of our method.
EPIC-KITCHENS. We perform the same reconstruction
experiment as before for the EPIC-KITCHENS dataset to
show that our model works in even more realistic settings.
We use the model configuration from BAIR and autore-
gressively generated 15 frames from 1 conditioned on con-
trols estimated from the future ground truth frames. We also
trained YODA (Davtyan and Favaro 2024) on the same data
using the official codebase % and evaluated it the same way.
The results are in Tab. 5.

Qualitative Results

In this section, we show some qualitative results to visu-
ally illustrate various capabilities of CAGE (more, including
videos, can be found in the supplementary material as well
as on the project’s website).

The main contribution of our model is the ability to both
compose and animate scenes using a unified control. This
is demonstrated in Fig. 1. With the trained model one is

*https://github.com/araachie/yoda
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Figure 5: Examples of cross-domain transfer. The features of
the objects from images in the first column are borrowed to
compose and animate the scenes in the CLEVRER dataset.
Notice how CAGE resolves the domain gap and performs
a reasonable transfer of the objects (in terms of shapes and
colors). However some objects with irregular shape and tex-
ture, such as the Rubik’s dodecahedron, may turn to multiple
objects when transfered. Click on the first images in the gen-
erated sequences to play them as videos in Acrobat Reader.

able to select object patches from different images and com-
pose them into a novel scene. This is achieved by extracting
the DINOV?2 features from the selected patches and placing
them in the indicated locations to form the control that is fed
to the model. Additionally, one may also specify the motion
of the objects by moving the patches in the future frames.
CAGE carefully adjusts the appearance of the objects to the
locations of the features in the control map, while preserving
the objects’ identities. Fig. 4 depicts some out of distribution
controls on BAIR. As previously discussed, using larger w
in classifier-free guidance allows us to adapt to o.0.d. con-
trol, such as moving background objects in BAIR. Finally, in
Fig. 5 we demonstrate the ability of the model to generalize
to cross-domain scenarios. We select the features for con-
trol from images from a different domain and transfer them
to the data domain the model was trained on (e.g. real ob-
jects to CLEVRER objects). This is possible because of our
specific choice of conditioning the generation on DINOv2
features that were trained on a large open image dataset and
hence are abstract and data-agnostic.

Conclusion and Limitations

We introduced CAGE, an unsupervised method for control-
lable video generation capable of composing and animating
scenes using objects from other frames or out-of-domain
images. This is achieved by conditioning the video gener-
ation on sparse DINOv2 spatial tokens describing object
appearance and spatiotemporal location. We demonstrated
our method’s capabilities through various experiments. Due
to limited computing resources, our experiments were con-
ducted on relatively small datasets, precluding direct com-
parison with state-of-the-art large-scale video generation
models trained on extensive annotated data. However, we
believe that the training pipeline, the architecture, and the
unsupervised nature of the considered problem enable the
scalability of our model and hope that the ideas explored
in our work will pave the path towards large-scale unsuper-
vised foundation models for controllable video generation.
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