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Keyframing is a fundamental element of animation creation and video editing. It involves
defining specific frames, keyframes, that mark important moments of change and guide how
the intermediate frames are filled or interpolated. In early hand-drawn animation, a keyframe
is a visual drawing created by animators, with assistants manually drawing the in-between
frames. With the advent of digital animation and video editing software, a keyframe became
a set of parameters that define the state of the rendered character or object at specific times,
with in-between transitions produced by interpolating these parameters.

However, such parametric approaches rely heavily on manually designed controls and
artist-crafted heuristics, making them difficult to capture complex, nuanced, and realistic
motions. Furthermore, they do not naturally generalize to real image and video domains.
The rapid progress of visual generative models that are trained on large collections of visual
data and capable of learning rich appearance and motion patterns, has made it possible to
generate high-fidelity imagery and realistic motion. Building on these advances, this thesis
investigates generative keyframing, a data-driven, non-parametric, image-based approach to
the keyframing process. To this end, I present a series of works in this thesis that collectively

develop and explore this idea.



I begin with the basic aspect: using generative models to synthesize transitions directly
from images, and even to fully generate in-between motions. I first present a GAN-based
technique for smoothing jump cuts in talking head videos, synthesizing seamless transitions
between the cuts even in challenging cases involving large head movement. I then introduce
a method for generating in-between videos with dynamic motion between more distant key
frames by adapting a pretrained large-scale image-to-video diffusion model with minimal
fine-tuning effort.

Beyond automatically generating transitions between keyframes, I further explore multi-
scale keyframing for achieving very deep zoom. Specifically, I introduce a multi-scale joint
sampling diffusion approach for generating consistent images (keyframes) across different spa-
tial scales while adhering to their respective input text prompts. This enables deep semantic
zoom and a continuous zoom video can be rendered from these images. When working with
multiple keyframes, one import question is how they should be ordered in the final video. I
address this in the context of dance video generation—specifically, music synchronized and
choreography-aware animal dance video—where unordered keyframes representing distinct
animal poses are arranged via graph optimization to satisfy a specified choreography pattern
of beats that defines the long-range structure of a dance. Finally, I conclude with discussions

and directions for future works.
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Chapter 1

INTRODUCTION

Everyday we watch videos: animations, TV shows, movies, TikTok, etc. We also create
videos ourselves to capture memories or share ideas. Video has become one of the most
powerful and expressive ways we communicate, tell stories, and create art. From cinematic
films to short-form online content, videos convey motion, emotion, and narrative in ways that
static imagery never could. Behind every compelling video lies not only visual fidelity but
also temporal structure—the careful orchestration of frames that define how a story unfolds
over time. A central element in this process is keyframing—the practice of defining specific
frames, keyframes, that mark important moments of change in an animation or video and

guide how the intermediate frames are filled or interpolated.

Formally, a keyframe represents either a visual frame or a set of underlying parameters
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Figure 1.1: Keyframes define the essential poses of a motion, while in-betweens fill the gaps

to create a smooth animated sequence. source: https://tips.clip-studio.com/en-us/articles/954
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Figure 1.2: Keyframe-based character animation in Blender (tutorial by SouthernShotty).

that define the state of an object or scene at a specific time, establishing the starting and/or
ending points of a smooth transition. In animation, keyframes correspond to distinct poses
or states of a character at critical moments, with the intermediate frames interpolated to
produce continuous motion (see Fig. 1.1 for an example). In early hand-drawn animation,
pioneered by early studios such as Walt Disney Animation Studio, animators created the
keyframes first, while assistant workers manually drew the in-between frames. With the
advent of computer graphics, this manual inbetweening process was gradually automated:
animators began defining keyframes as control points for graphical parameters such as po-
sition, rotation, or joint angles of the character, and software interpolated smooth motion
curves between them (as shown in Fig. 1.2). This shift transformed animation from a labor-
intensive frame-by-frame process into one driven by mathematically interpolated curves that
define motion between keyframes.

The same principle later became foundational in modern video editing and compositing,
where keyframes are used not to define character states but to control visual properties over

time. Editors employ keyframing to create a wide range of visual effects and transitions, such


https://www.youtube.com/watch?v=iMwjYuyefRs

as zooming, rotating, and changing the scale, position or opacity of objects. For example,
if an editor wants to gradually zoom in on an object, they can place one keyframe at the
point where the zoom where the zoom parameter (e.g. camera focal length or scale) is set
to its initial value, and another where it reaches the target value; the editing software then
automatically interpolates between them to create a smooth zoom transition.

As introduced above, while fundamental to animation and video editing, traditional
keyframing relies on parameterized control to define a character’s or object’s state and to
create transitions between keyframes. The transitions are typically produced through in-
terpolation functions that blend the parameter values over time. However, such parametric
methods are inherently limited and struggle to capture complex, realistic, or semantically
meaningful transitions. Moreover, because they do not operate directly in the image space,
they fail to model the rich appearance changes that occur in natural videos, such as variations
in lighting, texture, deformation, and object interaction.

Meanwhile, advances in visual generative models have transformed how image and videos
can be created. Early approaches based on Generative Adversarial Networks (GANs) [31]
demonstrated the potential of deep neural networks to synthesize realistic imagery and per-
form video-to-video translation. More recently, diffusion models [156, 11, , , 39, 27, 95,

, 4, , | have surged in popularity for generative images and videos modeling. Driven
by large-scale training datasets and advances in multi-modal learning, diffusion based gen-
erative models can now generate images and videos directly from texts. A user can simply
specify a text prompt describing the desired content or provide a reference image, and then
the model generates a high-resolution image or video clip with vivid motion.

These developments have made data-driven, image-based approaches possible. This opens
up new opportunities: can we move beyond the parametric approaches in traditional keyfram-
ing with a non-parametric, image-based generative process using models that learn motion
and appearance dynamics directly from visual data? Toward this goal, this thesis presents
a number of works that collectively explore the idea of generative keyframing. I begin with

the most fundamental aspect: generating smooth and realistic transitions, even videos be-



Figure 1.3: Jump cut smoothing for talking head videos. Given a talking head video,
after removing the filler words and repetitive words (text in red color), Chapter 4 presents a
method for synthesizing a seamless transition (marked by orange rectangles) to smooth the

resulting jump cut.

tween keyframes. Beyond transitions, I further explore multi-scale keyframing for generating
deep zoom, as well as choreography-aware keyframing for transforming a set of pre-generated

keyframes into music-synchronized animal dance videos.

Generative inbetweening. Chapter 4 and 5 explore how to use generative models to syn-
thesize in-between frames directly from images, even generate realistic and dynamic motion
between keyframes. Chapter 4 focuses on talking head video editing, where users may remove
unwanted segments from footage, and wish to smooth the resulting jump cuts. I present a
method that synthesizes intermediate frames to smooth such abrupt cuts that would oth-
erwise cause an unwanted, jarring viewing experience. The technique supports a variety of
edits, such as removing filler words (as shown in Fig. 1.3), pauses, or even arbitrary cuts, and
achieves seamless transitions even in challenging cases where the speaker rotates or moves

significantly.

Besides producing smooth and linear transition in cut edits where “keyframes” are tem-



porally close, recent large-scale video generation models have demonstrated the ability to
generate high resolution videos clips with dynamic motion. These capabilities now enable
the generation of in-between videos even between distant keyframes. In Chapter 5, I present
a method for generating video sequences with dynamic motion between a pair of input key
frames. We adapt a pretrained large-scale image-to-video diffusion model (originally trained
to generate videos moving forward in time from a single input image) for key frame inbetween-
ing. This adaptation is achieved through a lightweight fine-tuning technique that produces
a version of the model that instead predicts videos moving backwards in time from a single
input image. This model (along with the original forward-moving model) is subsequently
used in a generation process that merges their overlapping model predictions starting from
each of the two keyframes, resulting in a video with smooth and coherent motion between

the two inputs.

Multi-scale keyframing for deep zoom generation. In Chapter 6, I present Generative
Powers of Ten, a method for generating deep zoom by generating multi-scale consistent
images at each zoom level (see Fig. 1.4 for examples of these images). This enables extreme
semantic zooms into a scene, from which continuous zoom videos can be rendered by treating
the generated images as keyframes. The proposed approach takes as input a series of prompts
describing a scene at varying scales, e.g., , from a wide-angle landscape view of a forest to
a macro shot of an insect sitting on one of the tree branches, and uses a pre-trained text-
to-image diffusion model to generate consistent content across multiple image scales. This
is achieved through a novel joint multi-scale diffusion sampling approach that encourages
consistency across different spatial scales while preserving the integrity of each individual
sampling process. Since each generated scale is guided by its own text prompt, the proposed
method enables deeper levels of zoom than traditional super-resolution methods that may

struggle to create new contextual structure at vastly different scales.

Choreography-aware keyframing for animal dance generation. When working with



Figure 1.4: Multi-scale keyframing for deep zoom generation. Given a series of
prompts describing a scene at varying zoom levels, e.g., from a distant galaxy to the surface
of an alien planet, Chapter 6 (Generative Powers of Ten) presents a method that uses a pre-
trained text-to-image diffusion model to generate consistent keyframes at each zoom level

(shown above), enabling extreme semantic zooms into a scene.

multiple keyframes, their temporal relationship becomes crucial for shaping the resulting
video. For example, Chapter 6 assumes a linear progressive zoom structure, where keyframes
are organized according to zoom levels, and this ordering guides the keyframes generation
process to ensure multi-scale consistency. However, not all video structures are linear. Dance,
for example, follows basic choreography rules that structure the movements to align with the
rhythmic flow of the accompanying music, and often involves recurring patterns such as
mirroring and repetition to help reinforce the musical structure. Chapter 7 explores such
dance video generation, specifically, generating music-synchronized, highly structured, 30
second+ long animal dance videos. Starting from a few unordered keyframes representing
distinct animal poses, generated via text-to-image prompting or GPT-40, we formulate dance

synthesis as a graph optimization problem that seeks the optimal keyframe structure to



Figure 1.5: Choreography-aware keyframing for animal dance generation. Starting
from a small set of unordered generated keyframes, e.g., a marmot in various poses, Chapter 7
presents a keyframe based framework for generating animal dance videos to follow a specified
choreography pattern. In this example, the choreography pattern is extracted from a Youtube
dance clip [jkRITH42Vo8] (12.0s to 33.24s): A-A’-A-A’-A-A’-A-A’-B-B-B-B-B-B-B-B-C-C-C-
C-D-D’-D. Keyframe pairs are labeled according to the choreography segments and arranged
in t he sequence defined by the pattern.

satisfy a specified choreography pattern of beats that defines the long-range structure of a
dance (see Fig. 1.5 for an example). We also introduce an approach for mirrored pose image
generation, essential for capturing symmetry in dance. In-between frames are generated using
an video diffusion model. With as few as six input keyframes, the method can generate up

to 30 seconds dance videos across a wide range of animals and music tracks.

Overview. This thesis is organized as follows. I begin with the following chapter (Chapter 2)
with a survey of traditional keyframing techniques used in animations and video editing.
Chapter 3 introduces the mathematical foundations of generative models, focusing on GANs
and diffusion models. Chapter 4 and Chapter 5 focus on synthesizing transitions between
keyframes: the former introduces a GAN-based approach for smoothing cuts in talking-head
videos, where keyframes correspond to edit points and the transition is assumed to be linear,
while the latter presents a diffusion-based method for generating in-between videos between
distant keyframes. Chapter 6 presents a method for generating consistent images across

multiple scales from a sequence of input prompts, which is then used to render a continuous



deep zoom video. Chapter 7 introduces a keyframe-based framework for generating music
synchronized animal dance videos that also meet choreography pattern by optimizing the
order of the keyframes and also generating in-between motions. Finally, Chapter 8 concludes

with directions for future investigation.



Chapter 2

A SURVEY OF TRADITIONAL KEYFRAMING PRACTICE

Figure 2.1: Left: a celluloid sheet of Snow White singing to the seven dwarfs from Snow
White and the Seven Dwarfs, the first hand-drawn feature length animation film made
in 1937. Photograph: (C) Mike Pucher/Disney Enterprises, Inc. Right: A screenshot of
animation process of Toy Story, the first fully computer-animated feature length film

made in 1995. Source: Toy Story Behind the Scenes (Youtube [5TqPI3MSSow]).

This chapter introduces the fundamental components and principles of traditional keyfram-
ing in animation and visual effects editing. Section 2.1 what keyframes are and the principles
for specifying them. Section 2.2 explains how the in-between frames are interpolated to com-
plete the motion. Section 2.3 discusses the timing of keyframes, that is, where they should
be placed along the timeline. Finally Section 2.4 outlines the limitations of this traditional

practice.


https://www.youtube.com/watch?v=5TqPl3MSSow
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2.1 Keyframes itself

Keyframing has been deeply rooted in animation industry for decades. In early hand-drawn
animation, animators begin by drawing keyframes in which characters are placed in key poses.
These poses are essential for laying out and structuring an animated shot and for defining
the movement. Modern digital animation such as 3D animation (CGI), 2D vector and raster
animation, builds on the same principles, but the keyframes here are no longer hand-drawn.
Instead, they are a set of parameters that specify the key poses of rendered characters . These
parameters typically include objects transformations such as position, rotation, and scale,
among others.

A strong key pose is one that clearly captures the essence of an action, usually defining
the start, middle, and end of an action. It’s a pose where a character or an object is at
its extreme. Fig. 2.2 shows an example of the key poses of a walking cycle including (1)
contact pose where the heel of the front foot just touches the ground; (2) down pose where
weight shifts downward as the body absorbs impact; (3) passing pose where the back foot
lifts as the front leg passes under the body; and (4) up pose, where the weight rises as the
body moves upward before the next contact. Adjusting the details of these key poses, such
as arm swings, head tilts, or torso movement help inject personality into the walking cycle.
For example, a tired character might have drooping arms and dragging feet; a soldier might
keep arms stiff and shoulders square, while a child might bounce with extra energy in the
up pose.

In video editing software such as Adobe After Effects', keyframes are used to create a
wide range of visual effects. Editors place keyframes to mark where an effect begins and
ends, such as the start and finish of a fade, zoom, or color adjustment. In this context,
keyframes represent parameter values that control various editing properties. The software
then interpolates between these property values over time, automatically generating smooth

transitions. This allows editors to animate nearly any parameter, such as brightness, opacity,

Thttps:/ /www.adobe.com/products/aftereffects.html
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Figure 2.2: Key poses in a walk cycle: (1) contact pose; (2) down pose; (3) passing pose;
and (4) up pose.

position, rotation, or audio volume, without manually adjusting every frame.
2.2 Inbetweening

After specifying the keyframes, the next step is to create the transition between them for
smooth animation. In hand-drawn animation, transitions between the key poses are achieved
by manually drawing the in-between frames, a process often carried out by junior or assistant
animators. In modern digital animation and video editing, these transitions are produced
by interpolating the keyframe parameters, allowing the character or object to move as its
properties follow the interpolation curves over time.

The way in-between frames are distributed determines how the speed of the motion
changes, and relates to the concept of spacing, which describes an object’s position in each
frame and how much it moves from one frame to the next. When an object’s position changes
only slightly between frames, the motion appears slower; when the spacing increases, the mo-
tion appears faster. For instance, when animating a car accelerating from a stop over 24
frames, the car’s position in the first few frames should change only slightly. As the car

gains speed, the spacing between its positions should increase, reflecting natural accelera-
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Figure 2.3: Common interpolation functions used in keyframing and their induced spacing
patterns, where denser sampling indicates slower motion and sparser sampling indicates

faster motion.

tion. In digital animation, spacing here is encoded in the curvature of the interpolation
function. Common methods such as linear, ease-in-out, and Bezier interpolation mathe-
matically control the rate of change between keyframe values, i.e., how motion progresses.
Fig. 2.3 visually compares these interpolation curves, and their induced spacing patterns.
Linear interpolation produces uniform motion, where position changes at a constant rate
from start to finish. In contrast, ease-in-out interpolation models gradual acceleration and
deceleration, resulting in motion that feels more organic, believable, and visually pleasing.
For example, imagine a car instantly accelerating to full speed and instantly stopping, that’s
linear interpolation. The car’s motion feels abrupt and unrealistic because real objects must
accelerate and decelerate. Similarly, video editors can apply various interpolation methods

to fine-tune the pacing of an visual effect, so it synchronizes with music or scene transitions.
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2.3 Timing the keyframes

When a series of keyframes are defined, an important consideration is where to place them
along the timeline, that is, their timing. The distance between the keyframes determines
how long an action or movement or transition takes to complete. In animation, adding more
in-between frames slows the motion, while fewer frames make it appear faster. Animators
adjust timing across different actions to reflect natural variation in movement, guided both by
physical observation and expressive intent. As noted in the traditional principles of animation
established by the Disney animators [57], timing plays a central role in conveying weight,
emotion, and personality. A slight change in timing can completely alter the perceived
character of an action: a short pause can heighten anticipation, while extended spacing
between key poses can evoke gravity, hesitation, or drama. Thus, timing functions as a

creative control that balances physical plausibility with expressive clarity.
2.4 Limitations

As introduced above, traditional parametric keyframing relies on hand-crafted mathematical
functions that operate on predefined control parameters, which makes it unable to capture
complex and nuanced motions such as articulated movements, or non-rigid deformations. It
also places a heavy burden on the animator: designing and tuning timing curves, adjusting
control points, and manually refining the motion require significant expertise and effort,
especially for long sequences or high-fidelity animations. This workflow is not only time-
consuming but also scales poorly when dealing with complex scenes, multiple interacting
characters, or realistic natural movements. Furthermore, the parametric paradigm does not
naturally generalize to real images or videos, where motion is defined in pixel space rather
than by neatly separated object parameters. As a result, traditional keyframing cannot be
applied directly to the synthesis or manipulation of real-world footage, greatly limiting its

applicability.
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Chapter 3

HOW GENERATIVE MODELS WORK

This chapter introduces the foundational principles of generative models, and focuses
on the classes of generative models that will be used in subsequent chapters, specifically
we present Generative Adversarial Networks (GANs) in Section 3.1 and diffusion models in
Section 3.2. Section 3.3 further discusses the connection between diffusion and score-based
generative models, as well as how guidance techniques can be applied in diffusion models
to generate data under specific conditions, a capability leveraged in both Chapter 5 and

Chapter 6.

Generative models aim to learn the underlying patterns of training data, namely, its data
distribution, to generate new samples that share characteristics with the original training
data but are not identical to any specific example in the training set. Examples of such
data include natural images, videos, or text, which exhibit specific, complex regularities that
distinguish them from random noises. For instance, if a generative model is trained on a
million cat photos, the data distribution captures the collective characteristics of all possible
cat images, including variations in breeds, poses, lighting, and textures, and the model learns
these patterns to generate novel, realistic cat images, rather than simply memorizing and
replicating the existing ones.

~Y

Formally, such training data are governed by an unknown data distribution {x;}Y,

Pdata(T), where pgaga(z) : X — R, which assigns a probability to each sample x in the
data domain X'. Fig. 3.1 illustrates such a data distribution using the MNIST [70] dataset.
In practice, this true distribution is inaccessible, so the goal of generative modeling is to
learn a parameterized distribution pg(z) that approximates pgata.(z). New samples can then

be generated by drawing = ~ py(x). At their core, all modern generative models seek to
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(a) PCA visualization (b) t-SNE visualization

Figure 3.1: Visualization of the MNIST [70] data distribution using PCA and t-SNE em-
beddings [33]. Each color represents a distinct digit class. Regions with high sample density
correspond to areas of higher probability mass, while sparse regions indicate low-probability
areas. The goal of generative modeling is to model this distribution and generate new sam-

ples from this distribution.

optimize the same fundamental objective:

0* = arg mein D(paata() || po(x)) (3.1)

where D(- || -) is a divergence measure such as Kullback—Leibler divergence. Different gener-
ative model families differ primarily in (i) how they define py(x), (ii) how they evaluate or

approximate this divergence, and (iii) how they perform learning and sampling.

3.1 Generative adversarial networks

GANSs [31] define an implicit generative model that does not provide a tractable likelihood.
It introduces a generator Gy(z) : Z — X that directly maps latent variable z sampled
from a simple prior distribution (e.g., z ~ N(0,I),or Uniform[0,1]), to the data space.
A discriminator Dy(z) is trained simultaneously to distinguish real samples from generated

ones, estimating the probability that a given sample originates from the true data distribution
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rather than the generator. The training procedure for the generator Gy(z), in turn, is to
maximize the probability of D,(z) making a mistake. This adversarial training framework
corresponds to a minimax two-player game. In the space of arbitrary functions Gg(z) and
Dy(z), a unique solution exists, with Gy(z) recovering the training data distribution and
Dy(z) equal to 1/2 everywhere.

The original GAN objective [31] corresponds to minimizing the Jensen—Shannon diver-
gence between pgata and pg:

mein mgx Espynea 108 Dy (2)] + E,opz) [log(1 — Dé(Go(2)))] (3.2)

Under idealized conditions (optimal discriminator), the generator minimizes: JS(paata || Po)

3.2 Diffusion models

Given samples from a data distribution ¢(xg), diffusion models including Denoising Dif-

fusion Probabilistic Models (DDPMs) [115, 42], and Denoising Diffusion Implicit Models
(DDIMs) [116] are latent variable models, where they learn the distribution py of the form
T
poloo) i= [ )i, where o) = poGen) [T Gaibe) (33
t=1

to approximates ¢(xg), where X1, ..., xr are latents of the same dimensionality as xq. The
parameters 6 are learned to fit the data distribution ¢(xg) by maximizing a variational lower

bound:
max Bq(x) [10g po(%0)] = max o xi....xr) [108 Po (Xo:) —log g(x1:7|%0)] (3.4)
where ¢(x1.7|Xg) is some inference distribution over the latent variables.

Forward process. DDPMs construct ¢(xy.7|Xo) using a forward diffusion process that
gradually adds Gaussian noise to the clean image xq through a Markov chain with Gaussian

transitions, parameterized by a decreasing sequence ay.r € (0,1]7:
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q(X1.7|%x0) = Hq(xt|xt_1),where q(x¢|x-1) == N (4 ojtlxt_l’ (1-— all ) (3.5)

paly Q1
A notable property of the forward process is that it admits sampling x; at an arbitrary

timestep t in closed form:

q(x¢[x0) = N (x4 v/aurxo, (1 — a)I), (3.6)

so the intermediate noised data x; is created by x; = \/a;xo++/1 — ay€;, where €, ~ N (0,1).
When «; is close to 0, g(x;|xg) converges to a standard Gaussian, and «a is close to 1, it is

clean data observation.

Generative process. The generative process, defined by the latent variable model py(xo.1),
is a Markov chain that begins with pure noise xr and progressively denoises it to produce

clean data xq. More specifically, the generative process models each reverse transition as

p((;t) (Xt—1|Xt) = N(Xt—l; #9(Xt> t)v Ea(xtv t)) (3-7)

where the network parameterizes the mean gy and variance Xy(x¢,t) of the Gaussian tran-
sition used to reconstruct x; ; from the noisier sample x;. When the variance is fixed, the

objective in Eq. 3.4 can be simplified as:

L(0) = Evevpmenonw(t)|eo(vamxo + VI — aver t) — &3] (3.8)

where €, is a neural network approximator intended to predict €; from x;, and w(t) is a

weighting function typically set to 1 [12]. To sample x;_; ~ pét) (x¢-1|%¢), DDPMs compute:

Q1 (x . 11— Oét/Oét—l
Qe ! \ 1-— Qi

where z ~ N (0,1) if ¢t > 1 else z = 0.

€o(X4,t)) + 0vz (3.9)

Xt—1 =

Sampling efficiency. The length T of the forward process is an important hyperparam-

eter in DDPMs, which typically require large T' (e.g., T = 1000). To improve sampling
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Figure 3.2: Graphical models for DDPM [12] (left) and non-Markovian DDIM [116] (right)
inference models. Figure borrowed from [116].
efficiency, DDIMs [I 16] reformulate the generative process as a deterministic mapping using

non-Markovian transitions (see Fig. 3.2 for illustration). Accordingly, the forward process is
also non-Markovian with the transitions defined as q(x;|x;—1,%o). This reformulation leads
to the same surrogate objective function as DDPMs, and the DDIMs sampling update is
given by:

NV
~
“ predicted x¢”

—VI= t
Xt—1 = Qg1 (Xt atee(Xt7 )> + \/ 1-— (6T GQ(Xt,t> (310)

S

“direction pointing to x;”

The non-Markovian diffusion processes in DDIMs lead to “short” generative chains that

can be simulated in a small number of steps, accelerating sampling by 10x to 1002 compared

to DDPMs.
3.3 Guidance in generative models sampling

Certain generative models, such as GANs, exhibit a useful behavior known as truncated or
low-temperature sampling [10, 67]: by restricting the variance or range of the input noise
during sampling, the model produces outputs with lower diversity but higher quality.

In diffusion models, a similar effect is achieved through guidance during the sampling
process. Diffusion models can be interpreted as score-based models [117, , |, where the
network prediction €y(xy,t) in Eq. 3.9 approximates the score function of the noisy marginal

distributions: €y(x;) = —v/1 — Vi, log p(x;). A key advantage of diffusion models is their
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ability to adapt outputs at inference time by steering the denoising trajectory. From the
score-based viewpoint, guidance [27] can be seen as composing or modifying score functions
to sample from richer or conditioned distributions. In practice, this is achieved by adjusting
the update direction at each denoising step, thereby biasing the generation toward desired

attributes or conditions.

Classifier guidance. Classifier guidance [20] can generate conditional samples from an
unconditional model by combining the unconditional score function for p(x;) with a classifier
p(c|x;) to generate samples from p(x;|c) o p(c|x;)p(x;). To use classifier guidance, one needs
access to a labeled dataset and has to learn a noise-dependent classifier p(c|x;) that can
be differentiated with respect to the noisy image x;. While sampling, we can incorporate

classifier guidance by modifying the diffusion score as follows:

€ = €g(x4,t,¢) —wv/1 — a;Vy, log p(c|x;) (3.11)

where w is an additional parameter controlling the guidance strength. Classifier guidance
moves the sampling process towards images that are more likely according to the classifier,

achieving a similar effect to truncation in GANS.

Classifier-free guidance. Instead of training a separate classifier model, classifier-free
guidance [13] uses a single neural network to parameterize both conditional models and
unconditional models, where the unconditional one is realized by supplying a null token
() as the class identifier during score prediction, i.e., €y(xy,t) = €g(xy,t,c = 0). It trains
the unconditional and conditional models jointly by randomly setting ¢ to be (). Then the
diffusion score is computed as a linear combination of the conditional and unconditional

score estimates:

¢ = (14 w)eg(xe, t, ¢) — weg(xy, ) (3.12)

As highlighted in the Diffusion Self Guidance work [27], the guidance term in diffusion

sampling need not come from a classifier’s output. In fact, any energy function g(x,t,c)
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can be employed. Such a function may represent an approximate energy from an auxiliary
model, a CLIP-based similarity score, an arbitrary time-independent energy as in universal
guidance, or even spatial constraints such as bounding-box penalties on attention maps.
Such additional guidance can be incorporated alongside the classifier-free guidance, enabling

the model to produce high-quality samples that also attain low energy according to g:
€ = (1 +w)eg(xy, t,¢) —weg(xy, t) + vv/1 — Vi, g(24, t, C) (3.13)

where v is an additional guidance weight for g.

The core technique in Chapter 6 for generating multi-scale consistent keyframes can also
be interpreted as applying a form of guidance, where the text-to-image diffusion model is
steered to produce multiple zoom-consistent images jointly. Similarly, the diffusion sampling
process proposed in Chapter 5 for generating videos between keyframes—by merging two

diffusion models—can also be viewed as an instance of such guided generation.
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Chapter 4

JUMP CUT SMOOTHING FOR TALKING HEADS:
SEAMLESS TRANSITION SYNTHESIS

This chapter presents the research project Jump Cut Smoothing for Talking Heads [133]"
with Taesung Park, Yang Zhou, Eli Shechtman, and Richard Zhang. The subsequent analysis
and comparisons to related studies in this chapter are based on the prevailing state-of-the-art
during that time.

With the continuous advent of social media platforms, talking head videos have become
increasingly popular. Such videos usually focus on the head and upper body of a person who
narrates an idea, story or concept while looking at the camera or an interviewer. Frequently,
the subject may use filler words (“uhh”), stutter, make an unwanted pause, or repeat words.
Directly removing these frames produces unnatural jump cuts, which can range from half a
second to minutes long. In such time, large body movements, head movements, and hand
gestures may occur. Can the video editor avoid presenting this unnatural experience to the
viewer?

While some cuts can be smoothed through playing B-roll or kept intentionally for artistic
choice, there lacks a robust tool for replacing the jump cut with a seamless transition. For
example, Adobe’s video editing tool, i.e., Premiere Pro includes a feature called MorphCut?
(Fig. 4.1) to help create a smooth transition. However, it fails when there are relatively large
motion change such as head pose change or hand gesture change, resulting in noticeable

motion blurs and other visual artifacts in the generated transitions. In influential work,

https://morphcut.github.io/
Zhttps:/ /helpx.adobe.com/premiere-pro/using /morph-cut.html
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Figure 4.1: Morph Cut in Adobe Premiere Pro the Morph Cut effect from the Effect

panel for a smooth transition between clips.

Berthouzoz et al. [7] generate hidden transitions by constructing a similarity graph between
the raw frames and walking the graph. Such an approach is heavily limited by the contents
of the video itself. Compared to traditional methods [7, (3], recent generative technology,
offers the possibility of synthesizing new intermediate frames.

On the other hand, existing frame interpolation works utilize deep networks to perform
video frame interpolation [387, 99] have greatly advanced, showing the impressive ability to
increase video temporal sampling, creating slow motion videos. However, these methods are
not designed to handle relatively large or complex motion changes in the talking head videos,

such as large head rotation and body translation.

In this paper, we propose to readdress the jump cut smoothing by synthesizing new inter-

mediate frames guided by the interpolated motion. We leverage a mid-level motion represen-
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tation, i.e., interpolated DensePose [35] keypoints between the cut end frames, augmented
with face landmarks, and formulate our learning problem as transferring the appearances
of multiple source images to the given target DensePose keypoints. This is related to im-
age animation using single/multiple source images through the transfer of the motion of a
driving video. However, these methods either cannot interpolate the motion learned from
the driving video via the unsupervised way due to a lack of semantic correspondence, or
they suffer from serious identity preservation problems through the jump cut end frames
(see Fig. 4.2). During the learning process, simply warping the source appearances based
on DensePose keypoints correspondence often loses details and produces unfaithful images
because of misalignment of the DensePose, disocclusion, and so on. Besides, when there are
multiple source images available, the naive way to average the warping results often causes
blurry artifacts. Therefore we introduce a cross model attention mechanism to improve the
dense correspondence and help pick the appropriate source among multiple sources for each
location in the target representation, which achieves better warping results to be used in the

image generation network.

To conclude, we present a novel algorithm to smooth jump cuts in talking head videos
through motion guided re-synthesis, a non-trivial task that requires balancing between re-
alistic motion interpolation and preserving identity. For improved identity preservation, a
larger informational bottleneck is needed, such as more keypoints or larger latent codes. Yet,
more latent codes make motion interpolation challenging. We navigated this by (1) using
more reliable and denser DensePose keypoints and face landmarks, (2) designing cross model
attention, derived from initial DensePose keypoints correspondence, improving warping and
allowing the synthesis network attend to more frames from the video and pick the most
suitable features, and (3) Employing smooth linear interpolation, as well as interpolation
ablation augmentation, and training the model to handle missing correspondences between
the jump cut end frames. Our experiments show that we can seamlessly bridge various jump

cuts, even those with significant head movements.
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Single image animation with driving keypoints

geeése s

Image animation with driving video (N/A)

gttt

Jump cut smoothing

Figure 4.2: Image animation methods cannot be applied for jump cut smoothing.
Row#1: Single image animation works (FaceVid2Vid [133], Face2Face” [150]) animate one
of the cut end frames according to the key points sequence, neglecting the other end frame;
Row#2: Other works (FOMM [112], ImplicitWarping [$1]) require a driving video for motion
extraction, which is absent in our scenario. Row#3: Our approach utilizes at least two cut

end frames to generate the transition (shown in orange).

4.1 Related work

CNN-based frame interpolation. Frame interpolation, i.e., synthesizing intermediate
images between a pair of input frames, is a long-standing research area in computer vision.
Example applications include temporal up-sampling to increase refresh rate, create slow-
motion videos and so on. Kernel-based methods [27] formulate frame interpolation as a
convolution process, and they estimate spatially-adaptive convolution kernels for each output
pixel and convolve the kernels with the input frames to generate a new frame. Flow-based
methods [99, 91, 86, 72, 90, 50, 50] first estimate optical flow between the input frames
and then synthesize the middle images guided by the flow via either warping or splatting
techniques. These methods have demonstrated impressive results for input frames with

small motion change. However, in our talking head video editing situation where we cut
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out various lengths of filler words, unnecessary pauses, repeated words and so on, various
motion change might happen in the jump cut such as large head rotation. This poses a major
challenge for existing frame interpolation methods. Recently, [99] proposed to use multi-
scale feature extractor and present a “scale-agnostic” bidirectional flow estimation module
to handle large motion between duplicate photos, and has achieved state-of-the-art results in
frame interpolation. Even so, it cannot address large head rotation, translation, and complex
motion change between the two frames. Different from these flow based methods, we tackle
this problem with DensePose key point guided image synthesis, which gives flexibility and
controlability over the synthesized intermediate images, and our framework allows us to

utilize other additional frames in the video.

Image animation with driving video. Our technique is related to the works [34, ,

, , , , , , 25] in the image animation domain, which generates videos by
animating a single source image of a subject using the motions of a driving video possibly
containing a different subject. Typically, these techniques first extract motion representa-
tion from the driving video in an unsupervised way, and "warp” the source image feature
to the learned motion for synthesis. However, popular methods like FOMM [112], Mega-
Portraits [25] and ImplicitWarping [31] often produce latent motions that lack semantic
correspondence (see Row#2 in Fig. 4.2), making them inapplicable for generating transition
motions in our jump cut smoothing task. Even if the keypoints has semantic meaning, as
seen in Face-Vid2Vid [133] which discerns 3D keypoints, head pose, and expression defor-
mation, these methods grapple with identity preservation due to their reliance on a single
image for animation (see Row#1 in Fig. 4.2). Recently [34] introduced Implicit Warping
approach, which animates using multiple source images, leveraging cross-model attention to
pick the most fitting keypoint features. Despite its impressive results, like FOMM [112], it
mandates a driving video to guide the motion. This stipulation, coupled with our lack of
visual signals for the intermediate images we want to generate, renders it inapplicable for

our purpose.
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Attention in computer vision. Given a query and a set of key-value pairs, the atten-
tion function outputs the value for the query, which is computed as a weighted sum of the
values for the keys, and the weight is determined by the similarity between query and the
corresponding key. [130] proposed a transformer network stacked of attention layers and
has achieved remarkable success in the task of machine translation. Since then, a number
of works extended such transformer networks to the compute vision domain for the task of
image recognition [23, 80, , 135], image generation [53, 54, 29, 51, 92] and achieved state-
of-the-art numbers on the benchmark. There are also works using cross-modal attention
where the queries, keys, and values are computed with different modalities such as vision
and text [152, ]. More recently, diffusion models have gained significant success and
roaring attention in high resolution image synthesis conditioning on various input modalities
such as image to image and text to image. The image generator in the diffusion model uses
UNet backbone with the cross-attention mechanism for the conditioning [101, 53, 51] and
have proved great efficiency. In our method, we are doing cross attention between Dense-
Pose keypoint features of source and target, where they come from different poses. Upon
this initial correspondence, our attention learns to pick the most relevant source among the
set of source images for each location in image. The warped feature are further fed into the

generator network to output the intermediate frame.

4.2 Method

We solve the jump cut smoothing problem in two stages (see Fig. 4.3): in the training stage,
given a set of source images, our network learns to generate a target image with the corre-
sponding DensePose keypoints as motion guidance. In the inference stage, we synthesize each
intermediate frame between the jump cut end frames guided by the interpolated DensePose

keypoints and other available frames in the video.
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Figure 4.3: Method overview. In the training stage, we randomly sample source (de-
noted in green rectangle) and target (denoted in red rectangle) frames, and extract their
corresponding DensePose keypoints augmented with facial landmarks (not shown here for
simplicity). Our method extracts source dense keypoint features as key, target dense key-
point feature as query, and source image features as value, then a cross attention is applied
to get the values for the query, i.e., warped feature. This warped feature is fed into the
generator inspired from Co-Mod GAN to synthesize a realistic target image compared with
the ground truth target frame. For applying jump cut smoothing in the inference stage,
we interpolate dense keypoints between jump cut end frames, and synthesize the transition

frame with the interpolated keypoints (in yellow rectangle) sequence.

4.2.1 DensePose keypoints representation

We use DensePose [35] keypoints augmented with face landmarks as motion guidance to
synthesize the corresponding image. Given an input image I of size (H x W) and its con-
tinuous DensePose P, i.e., image-space UV coordinate map per body part, the DensePose
keypoints {x;} | are extracted from DensePose by quantizing the UV values. For each
body part UV map, we discretize it into n x n cells with each cell representing a key point.
We focus on the videos where only the upper body of a person appears, and thus there are

K = 14 x n x n DensePose keypoints per image (14 is the number of upper body parts in
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then DensePose representation). The key point coordinates and UV value are the average of
the pixel coordinates and UV values which fall into the corresponding cell. These keypoints
with UVs are splatted into the grid of size (H x W) based on their coordinates, and then
we get a discretized DensePose [UV. If there are not UV values in the DensePose that fall

into the cell, the corresponding key point is not visible, and will not be splatted.

4.2.2  Cross model attention warping

Given a set of N source images {I;})¥, with their respective DensePose keypoints {x;}
and the target DensePose keypoints {z;}, we aim at generating a realistic target image by
transferring the appearances from the source images. The basic idea is that we utilize this
dense correspondence to warp the source image features to the target dense key point, then
the warped feature is fed into a generator similar as Co-Mod GAN [160] to generate the
respective realistic target image. Therefore it is critical to get a high quality warped feature.
However, the DensePose based correspondence is often inaccurate; in addition, in the case of
multiple source images, it is more natural to select the one that is closer to the target image
instead of doing naive averaging. We propose to use an attention mechanism to achieve this
selection ability.

We adopt the commonly used scaled dot-product attention [130]. The input of the at-
tention function consists of queries and keys of dimension dj, and values of dimension d,.
We compute the dot products of the query with all keys, divide each by v/dj and apply a
softmax function to obtain the weights on the values. The weight can be interpreted as the
similarity of the query and the corresponding key, then the output per query is a weighted
average of the values. In practice, the set of queries are packed together into a matrix @) of
size ngy X di. The keys and values are also packed together into matrices K of size ny x dy

and V of size n, x d,. The matrix of outputs of size n, x d, are computed as:

Attention(Q, K, V') = Softma (QKT)V (4.1)
ntion(Q, K, V') = Softmax | —— :
Vg

@ and K are the feature representation of target and source DensePose keypoints respectively,
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Figure 4.4: Visualization of learned correspondence with our attention mechanism.
The top left is our synthesized image given the other three images as sources. We highlight
the locations in the synthesized image where the peak attention score > 0.75, and show
their learned corresponding locations (marked with same color) in the source images. Our
attention picks appropriate feature from different sources per location, e.g., for the blue point
in the lower eyelid, our attention learned to associate with the eyelid feature in the bottom

right source image.
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and V' is the appearance feature of source images. We use StyleGAN2 [(1] based encoder
with a final projection layer to map the feature to the dimension d;, for query and key. When
encoding the source DensePose keypoints, we also concatenate it with the source image. The
source image appearance features are encoded by the encoder with similar structure. All of
these encoders output at 1/4 resolution of the inputs. For example, the image and discretized
DensePose keypoints input are of size 256 x 256, the encoders produce n, = 64 x 64 queries,
and ny; = 64 x64x N keys for N number of sources. The warped image features are computed
according to Eq. 4.1, and reshaped back to 64 x 64, which will be fed into the generator to
produce the according target image.

With cross model attention based warping, on the one hand, the feature representation of
the DensePose keypoints is more robust and can correct the misalignment of the DensePose.
On the other hand, our method can pick the most relevant source features among multiple
source images per location (see Fig. 4.4). This is especially useful for jump cut smoothing

where we have frames from the entire video as sources.

4.2.8  Recursive synthesis for jump cut transitions

When creating the transition for jump cut smoothing, we firstly create a linearly interpolated
dense keypoints sequence between the jump cut end frames, then each intermediate frame
will be generated accordingly. This causes an issue when occlusion and disocclusion happen
between the end frames. For example, when the speaker’s head rotates from one side to
the other side, part of the keypoints on the face disappears and another part of keypoints
appears. We can only interpolate visible keypoints in both ends, which causes incomplete
set of keypoints (see Fig. 4.10). We simulate this case in the training by only use visible
keypoints in all source images for the target, and make the generator learn to inpaint the
hole and generate a realistic image.

Since dense keypoints only model the foreground part, we additionally concatenate the
two end frame features with the warped feature together as input to make the network learn

to selectively copy the background from the end frames as well the remaining part that are
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not modeled by the DensePose such as hair. We further proposed a recursive synthesis, as
shown in Fig. 4.5, for a transition sequence of length T', we start the synthesis from the two
frames that are closest to the end frame, i.e., I; and Iy, and then move towards the middle

with the synthesized frames before as end frames to provide background information.

' > A > D * < .

frame 1 1 2 T-1 T frame 2

Figure 4.5: Recursive synthesis. To fill in a jump cut with smooth, intermediate frames,

we recursively fill in frames from the end towards the middle.

4.2.4  Blended transition

Given a jump cut, we denote the frame before the cut as [,,, and the frame after the cut as
I,,, and their respective DensePose keypoints as {z,, ;} and {z,}, where k =1... K. K is
the number of keypoints. We provide two ways to smooth the jump cut between I,,, and I,
for a seamless transition.

The first way is to add a T number of intermediate frames between these two frames.
The generation of each middle frame [; is guided by the linearly interpolated DensePose
keypoints {(1 — a¢)xm i + @@k}, with ap = t/(T + 1). However, accompanying new frames
with silent audio results in an awkward, broken speech in some cases. For example, when
a person is speaking quickly, but with short “umms” or “uhs” in the middle, if we remove
these filler words and fill in with new frames with silence, the resulting video will sound
inarticulate.

Thus, we provide another method, called blended transition, in order to avoid this audio
artifact. Similarly to Zhou et al. [161], we synthesize blended frames to replace original
frames around a small temporal neighborhood with a synthetic transition, so that the video
can smoothly transit from frames before I, to frames after I,,, as shown in Fig. 4.6.

We define the neighborhood using the frame range [m — H,m| and [n,n + H|, with H
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Jump Cut

Figure 4.6: Blended transitions. We modify the frames before and after the jump cut,
blending them smoothly. This allows us to smooth the jump cut without inserting additional

frames.

as neighborhood size. We choose H = 4 in our experiments. Each frame I; is blended with

1

frame I,,, where i € [m — H,m], with weight a; € [0, ﬁ, ..., 3], with DensePose keypoints

blended by {7}, = (1 — a;)zi + @z }. Similarly, each frame I;, k € [n,n + H] is blended

1 H+1

s 337 - - » 1] and the corresponding DensePose keypoints

with frame I,,, with weight o; € [
are {2, = (1 — a)x; + Ty} The blended frames are resynthesized and guided by
the blended, dense keypoints. The blended transition does not change the existing number
of frames in the video and thus does not suffer the audio insertion issue. Please refer to

the project website for the video demo with audio for the filler words removal jump cut

smoothing.

4.3 Experiments

We show our synthesized transition sequence under diverse jump cut situations. See Fig. 4.8
for selected examples. Our method successfully achieves seamless transition under challeng-
ing head pose changes such as extreme rotation or the back-and-forth movement of the head.
We show our dataset collection and pre-processing in Sec. 4.3.1, and the comparison with

baselines in Sec. 4.3.2. We further analyze how using more source frames from the video
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Figure 4.7: Examples of our talking head videos. We collect 600 talking head video

clips and smooth jump cuts corresponding to filler words.

with our proposed attention mechanism improves synthesis quality in Sec. 4.3.3. Finally, we
demonstrate how we apply our jump cut smoothing technique for removing filler words in

talking head videos.

4.3.1  Dataset and pre-processing.

We target our jump cut smoothing application for the talking videos that contain upper
torso. Note that this is a wider (and hence more challenging) cropping scheme than many
existing talking head video datasets that only contain facial portions. Therefore, we collected
600 720p video clips from the raw AVSpeechDataset collection [20] for training and 50 videos
for testing. Each video contains a person talking either facing towards the camera or the
interviewer (see Fig. 4.7) for 10 to 20 seconds in a static background. While we do not
add any manual annotation, we use Detectron2 [1416] to detect the DensePose body part
coordinate map per frame, and quantize the DensePose uv map to turn them into keypoints.
For more accurate facial expression representation, we augment the DensePose keypoints
with face landmarks using HRNet [121]. For training, we crop the person with the detected
DensePose bounding box, and resize to 256 x 256. In the training stage, we randomly pick

two sources and one target frame. At inference time, our method can be easily extended to
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incorporate more source images (Section 4.3.3).

Figure 4.8: Examples of our synthesized transition sequence from the most left frame
to the most right frame. Our method can create a seamless transition under different head
pose changes. Row #2: head moving from back to front; Row #3: head rotating from front
view to the side view; Row #4: head rotating from one side to another side. Row #5: head

moving up and down.
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Cut frame 1  Face2Face” Face-Vid2Vid Ours Cut frame 2

Figure 4.9: Comparison of synthesized frames just before the cut frame 2 by Face2Face?,
Face-Vid2Vid, and our method. Face2Face” generates distorted images, while Face-Vid2Vid
loses sharpness and facial identity: microphones are gone and hair color does not match cut

frame 2.

4.8.2  FEvaluation

We show how image animation techniques cannot be applied to our jump cut smoothing
problem in Fig. 4.2. More specifically, FOMM [I 12] and ImplicitWarping [¢1] cannot generate
new transition frames without driving videos, as their latent motion representations lack 3D
correspondence. The same key point could correspond to different head regions (see Row#2
in Fig. 4.2). Face-Vid2Vid [133] and Face2Face” animate only one image, and thus necessitate
using just one of the end frames as the source. Fig. 4.9 presents the generated frame just
before the second jump cut end frame. Evidently, the resulting images sacrifice facial identity

and clarity, leading to another abrupt jump in the transition.
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a) Jump cut frame 1b) Jump cut frame 2 c¢) Our kpts d) Our results e) FILM results

Figure 4.10: Qualitative comparison with FILM for selected synthesized transition

frame from jump cut end frame 1 to frame 2.
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All rotation > 15° rotation > 30° rotation > 45° rotation > 60°

Methods FID [10]4 PSNR1 ArcFace [19]1 PSNR1 ArcFace [19]1 PSNRT ArcFace [19]1 PSNRT ArcFace [19]1

FILM 4.99 25.37 0.51 25.68 0.39 25.65 0.33 25.27 0.23
Ours. + FILM kpts 4.35  25.29 0.51 25.57 0.41 25.55 0.35 25.23 0.25
Ours. 4.53  25.19 0.52 25.43 0.45 25.38 0.40 24.84 0.31

Table 4.1: Quantitative comparison with FILM in terms of synthesized frame realism
and reconstruction fidelity. Here “rotation” means the head rotation along the yaw axis.‘
‘Ours+FILM kpts” means synthesize the image using DensePose keypoints interpolated with
FILM. Our method outperforms FILM in terms of FID and ArcFace similarity, especially in

the cases where head rotation happens in the jump cut.

Comparison to frame interpolation methods. We compare our method for jump cut
smoothing against the state-of-the-art frame interpolation method FILM [99]. For testing,
we randomly pick an equally spaced triplet, and run each method to synthesize the middle
frame based on the two end frames. For our method, the keypoints of the middle frame are
generated by linearly interpolating the DensePose keypoints of the two end frames. Further-
more, we also report a variant that runs FILM in the keypoint space, and then decodes the
keypoints into pixels using our attention-based synthesis network. In Table 4.1, we measure
the realism of the synthesized frames against the target frames with Frechet Inception Dis-
tance (FID) [10], using around 8000 test frames. In addition, we measure the fidelity of the
synthesized image against the ground truth test frame with PSNR. We also measure how
much the facial identity is preserved in the synthesized frames by reporting the ArcFace [19]
cosine similarity between the facial embeddings of source and output frames. To further
quantify how our method and FILM perform under different amounts of head pose changes,
we categorize the jump cut end frame difference by the head rotation degrees along the yaw
axis, and report the evaluation metrics in each category. As shown in Table 4.1, our method

achieves lower FID score overall, meaning our method attains higher photorealism than
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FILM. We also achieve higher ArcFace similarity across all rotation angles. In particular,
our advantage grows larger at more extreme head pose changes (e.g., rotation > 60°). FILM,
an optical flow-based method, likely fails to find correspondence when the head rotates from
the front view (or more extremely one side view) to another side view, causing distortion in
the synthesized face (see the rightmost column in Fig. 4.10 for reference). On the contrary,
our method does not rely on the appearance feature to find correspondence, as we build
upon the DensePose priors with attention mechanism to find better correspondence. Lastly,
“Ours+FILM kpts” achieves the lowest FID score, likely because FILM does a better job in

synthesizing complex objects like hands than linear interpolation.

4.83.3  Attention with more frames

One big advantage of our method compared to flow-based frame interpolation methods is
that at test time, we can accept a larger number of input source frames in the video to assist
the synthesis process. With the attention mechanism, our method can select the most appro-
priate feature per location among source frames. As shown in Fig. 4.4, different locations in
the synthesize image correspond to their most relevant locations that are distributed among
different sources. We find that this is especially helpful when certain parts are occluded in
the two end frames, but are visible in the middle transition frames. For example, in Fig. 4.11,
the speaker’s mouth is widely open in one end frame and fully closed in the other end frame
(see the images within red rectangle). If we only use these two end frames as source, the
person’s mouth in the generated middle frame looks unnatural, as there are no teeth fea-
tures for a “half-open” mouth in the end frames. However, there are teeth features among
the other video frames. We add 10 extra frames randomly chosen from the video, and our
method now generates a high-quality middle frame, with teeth exposed in the half-opened

mouth.
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Figure 4.11: Attention with more frames help improving the quality. The top left
two images within the red rectangle are the end frames of the jump cut. The top right image
within green rectangle shows one of the 10 random images we add as additional sources to
our attention. In the bottom row, we show our synthesized image using only the two end
frames (left), and using the entire 12 source images (right). After adding 10 extra randomly
chosen frames from the video, our method generates more accurate teeth representation,
thanks to the attention mechanism that can incorporate variable number of source frames

as reference.
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4.3.4  Jump cut smoothing for filler words removal

We further demonstrate our method on filler words removal video editing. We collected sev-
eral talking videos where the person stutters and then apply filler words detection algorithm
[162] to cut out the filler words, resulting in unnatural jump cuts. We also manually remove
some unwanted pauses and repetitive words to output a fluent talking video. Then we apply

our jump cut smoothing with blended transition in Sec. 4.2.4 to the video.

4.4 Discussion

Our method can create smooth transitions under diverse jump cut cases, especially for the
head movement. However, our method fails when there are complex hand gesture movements.
Synthesizing realistic hand is even more challenging because 1.) the video frames with hand
movement often have motion blur, which makes it hard for our network to discriminate real
or fake hands, 2.) DensePose itself cannot model fine-grained hand features such as fingers,
and 3.) The hands motion is more complicated than head. For example, when the speaker’s
hand moves from clenched to stretched, or from palm facing to back facing towards the

camera, this non-planer motion cannot be modeled with linearly interpolated key points.
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Chapter 5

DIFFUSION-BASED GENERATIVE KEYFRAME
INBETWEENING

This chapter presents the research project Generative Inbetweening: Adapting Image-to-
Video Models for Keyframe Interpolation' with Boyang Zhou, Brian Curless, Ira Kemelmacher-
Shlizerman, Aleksander Holynski, and Steven M. Seitz. The findings of this work are pub-
lished in ICLR 2025 [139]. The subsequent analysis and comparisons to related studies in
this chapter are based on the prevailing state-of-the-art during that time.

Recent advances of large-scale text-to-video and image-to-video models [9, &, , , 4,

| have shown the ability to generate high resolution videos with dynamic motion. While
these models can accept a variety of input conditioning signals, such as text captions or
single images, most available models remain unsuitable for an obvious application: keyframe
interpolation. Interpolating between a pair of keyframes—that is, producing a video that
simulates coherent motion between two input frames, one defining the starting frame of
the video, and one defining the ending frame—is certainly possible if a large-scale model
has been trained to accept these particular two conditioning signals, but most open-source
models have not. Despite the task’s similarity to existing conditioning signals, creating an
interpolation model requires further training, and therefore both large amounts of data and
substantial computational resources beyond what most researchers have access to.

Given the similarity between the input signals needed for keyframe interpolation (i.e.,
two-frame conditioning) and the input signals to existing models (e.g., one-frame condition-
ing), an interesting alternative solution is to instead adapt an existing pre-trained image-to-

video model, without training a specialized model from scratch. In this paper, we propose

Thttps://svd-keyframe-interpolation.github.io/
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an approach for enabling keyframe interpolation by doing precisely this. Our approach is
founded upon the observation that a keyframe interpolation model needs to know how to
accomplish three objectives: (1) given a starting frame, it needs to predict coherent motion
starting from that frame and advancing into the future, (2) given an ending frame, it needs
to predict coherent motion starting from that frame and advancing backwards into the past,
and (3) given these two predictions, produce a video that has a coherent combination of the
two. Since existing image-to-video models can already accomplish the first of these three ob-
jectives, we focus our efforts on the the latter two, i.e., producing a single-frame conditioned
model that can generate motion backwards in time, and a mechanism for combining forward

and backward motion predictions into coherent videos.

One may imagine that producing such a single-image conditioned model that produces
backwards motion should be trivial: simply pass an image into a regular image-to-video
model, and reverse the output. Unfortunately, real-world motion is inherently asymmetric,
and reversed motion into the future is notably different from motion into the past. As such,
we first propose a novel, lightweight fine-tuning mechanism that reverses the arrow of time by
rotating the temporal self-attention maps (i.e., reversing the temporal interactions) within
the diffusion U-Net. This enables the reuse of the existing learned motion statistics in the
pretrained model, and enables generalization while only requiring a small number of training

videos.

Given both the original image-to-video model and this adapted reverse model, we also
propose a sampling mechanism that merges the scores of both to produce a single consistent
sample. These two sampling paths are synchronized through shared rotated temporal self-
attention maps, ensuring they generate exactly opposite motions, an effect which we term
“forward-backward motion consistency”. At each sampling step, their intermediate noise
predictions are fused, resulting in a generated video with coherent motion that starts and ends
with the provided frames. We compare our work qualitatively and quantitatively to related

methods on two curated difficult datasets targeted for generative inbetweening: Davis [90]
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and Pexels?, and our method produces notably higher quality videos with more coherent

dynamics given distant keyframes.

5.1 Related work

Frame interpolation. Frame interpolation [22] synthesizes intermediate images between
two frames by taking a pair of input frames or multiple adjacent frames in the context of
video frame interpolation, and has been a long-standing research area in computer vision.
Example applications include temporal up-sampling to increase refresh rate, create slow-
motion videos, or interpolating between near-duplicate photos. Much of the research in this
field [56, 86, 50, 90, 72, 91] employs flow-based methods, which estimate optical flow between
the frames and then synthesize the middle images guided by the flow via either warping or
splatting techniques. There are also works [58, | that use CNNs or transformers to learn
to extract features and directly output the middle frames. Traditionally, this task assumes
unambiguous motion and the input frames are usually closely spaced (< 1/30s) samples
in the video. Recent studies have begun to address large motions [ 14, 99], or quadratic
motion [148; 79], though these still involve a single motion interpolation and cannot address
distant input frames. In contrast, we aim to generate in-between frames that capture dynamic
motions across distant input keyframes (> 1s apart) with a generative model, a challenge

that goes beyond the capability of current frame interpolation techniques.

Diffusion models for in-between video generation. Diffusion models have shown re-
markable capabilities for generative modeling of images [12, 20, , , , | and
videos [14, 11, , 9]. Early work MCVD [131] devises a general-purpose diffusion model
for a range of video generative modeling tasks including in-between video generation. More
recent works [30, 55, | explicitly train diffusion models to accept two end frames with
conditioning to generate 7 or 16 intermediate frames at maximum resolution of 320 x 512 at

once, and achieved superior results in generating dynamic motions. In this work, we focus on

https://www.pexels.com/
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adapting a pre-trained large-scale image-to-video model to do keyframe inbetweening with-
out having to train or fine-tune from scratch. Exposed to millions of videos, these models
have demonstrated remarkable capabilities in generating high-resolution (up to 1080p) and

long (up to 4s) videos with rich motion priors.

Diffusion sampling for consistent generation. In diffusion-based image generation
tasks, novel joint diffusion sampling techniques [5, , , 71] for consistent generation
are usually employed in generating arbitrary-sized images or panoramas from smaller pieces.
These methods involve concurrently generating these multiple pieces and merging their in-
termediate results in the overlapping areas within the sampling process. For example, Mul-
tiDiffusion [5] averages the diffusion model predictions to reconcile the different denoising
processes. Recent work, TRF [3(] extends this joint generation approach to the bounded
video generation taking two end frames as input. By running two parallel image-to-video
generations guided by the start and end frames, it merge their outputs by averaging in each
denoising step. However, a significant drawback of this method is that it cannot generate
coherent motion in-between: simply fusing a forward video generation from the first end
frame and the reversed forward video starting from the second end frame using a single
image-to-video model designed for forward motion only causes the generated videos to oscil-
late between moving forward and then reversing, rather than continuously progress forward

as our method does.

5.2 Background

We introduce some background on Stable Video Diffusion [3], the base image-to-video diffu-
sion model used in our work, and then specifically explain the temporal self-attention layers

within its architecture, which are key to modeling motion within the generated video.
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5.2.1 Stable Video Diffusion

Diffusion models are trained to convert random noise into high-resolution images/videos
via an iterative sampling process [20, , , , , 78]. This sampling process aims to
reverse a fixed, time-dependent destructive process (forward process) that gradually corrupts
data by adding Gaussian noise. In particular, Stable Video Diffusion (SVD) is a latent
diffusion model where the diffusion process operates in the latent space of a pre-trained
autoencoder with encoder £(-) and decoder D(-).

In the forward process, a video sample x = {Iy, [1, ..., Ix_1} composed of N frames, is
first encoded in the latent space z = £(x), then the intermediate noisy video at time step
t is created as z; = ayz + o€, where € ~ N (0,1) is Gaussian noise, and «o; and o; define a
fixed noise schedule. The denoising network fy receives this noisy video latent z; and the
conditioning ¢ computed from the input image, i.e., the first frame I in the video, and is

trained by minimizing the loss:

L(0) = Eovpmenon[ll fo(ze t,¢) — yll3]

where the target vector y here is v = ay € — 0,2, referred to as v-prediction.

Once the denoising network is trained, starting from pure noise zz ~ N(0,I), the sam-
pling process iteratively denoises the noisy latent by predicting the noise in the input and
then applying an update step to remove a portion of the estimated noise from the noisy
latent

z;_1 = update(z, fo(z;t,¢);t)

until we get clean latent zg, followed by decoding D(zg) to get the generated video. The
exact implementation of the update(-,-) function depends on the specifics of the sampling

method; SVD uses EDM sampler [59].

5.2.2  Temporal self-attention

The denoising network fy in SVD is a 3D U-Net, composed of “down”, “mid”, and “up”

blocks. Each block contains spatial layers interleaved with temporal layers, with the temporal
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Figure 5.1: Method overview. In the lightweight backward motion fine-tuning stage, an
input video x = {1y, I1, ..., Iy_1} is encoded into the latent space by £(x), and noise is added
to create noisy latent z;; during inference, z; is created by iterative denoising starting from
zr ~ N(0,I). (1) Forward motion prediction: we first take the conditioning ¢y of the
first input image (inference stage) or the first frame in the video (training stage) Iy, along
with the noisy latent z; to feed into the pre-trained 3D U-Net fy to get the noise predictions
Vi, as well as the temporal self attention maps {4;}. (2) Backward motion prediction:
We reverse the noisy latent z, along temporal axis to get z;. Then we take the conditioning
cy_1 of the second input image, or the last frame in the video Iy_1, along with the 180-
degree rotated temporal self-attention maps {A!}, and feed them through the fine-tuned
3D U-Net fy for backward motion prediction v;;. (3) Fuse and update: The predicted
backward motion noise is reversed again to fuse with the forward motion noise to create
consistent motion path. Note that only the value and output projection matrices Wy, ) in

the temporal self-attention layers (green) are fine-tuned; see Fig. 5.2 for more details.

self-attention layers responsible for modeling motion in the generated video. This layer takes

a spatio-temporal tensor X € RNXHXWXC a5 input, where N is the number of frames,
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and C' is the number of channels. Here we use batch size of 1 for simplicity. The tensor is
reshaped by moving the spatial dimensions (H, W) into the batch dimension. This creates
X' € REWXNXC where self-attention operates solely on the temporal axis. More specifically,
X' is projected through three separate matrices W,, Wy, W, € R (d is the dimensionality
of the projected space.), resulting in the corresponding query (Q = W, X'), key (K = W, X")
and value (V = W, X’) features. Then the scale-dot product attention is applied:

Attention(Q, K, V) = softmax(QK” /v d)V

The attention output is fed through another linear layer W, to get the final output. We refer
to A = QKT € REWXNXN a5 the temporal self-attention map, which models the inter-frame
correlations per spatial location. This temporal attention mechanism allows each frame’s

updated feature to gather information from other frames.

5.3 DMethod

Given a pair of keyframes [y and Iy_1, our goal is to generate a video {Iy, I1, I5, ..., Iy_1}
that begins with frame Iy and ends with frame Iy_;, leveraging the pre-trained image-to-
video Stable Video Diffusion (SVD) model. The generated video should exhibit a natural
and consistent motion path, such as a car traveling or a person walking in a steady direction.

Image-to-video models typically generate video with motions that run forward in time.
It is primarily the temporal self-attention layers that learn this motion-time association. In
Sec 5.3.1, we discuss how this forward motion can be reversed by rotating the temporal
self-attention maps by 180 degrees. Then we introduce an efficient lightweight fine-tuning
technique to reverse this association and enable SVD to generate backward motion videos
from the input image in Sec. 5.3.2. Finally we present our dual-directional sampling approach
that fuses the forward motion generation starting with frame I, and backward motion video
generation starting with frame Iy_; in a consistent manner in Sec. 5.3.3. An overview of our

method is shown in Fig. 5.1.
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5.83.1 Reverse motion-time association by self-attention map rotation

The temporal self-attention maps {A;} in the network fj feature the forward motion trajec-

tory in video {Iy, I1, ..., Ixn_1}. By rotating these attention maps by 180 degrees, we obtain a
new set {A’} that depicts the opposite backward motion, corresponding to the reversed one
{In_1,IN_2,..., o} starting from the last frame Iy_;.

Specifically, rotating the temporal self-attention maps by 180 degrees—flipping them ver-
tically and horizontally—yields a backward motion opposite to the original forward motion.
For example, consider attention map A; the rotated map A’y _ iN—k = Ajk, where A; ) indi-
cates the attention score between the j-th and k-th frames (/; and ;). In the corresponding

reversed video, the reverse frame indices N —7 and N —k maintain the same relative response.

5.3.2  Lightweight backward motion fine-tuning

We introduce a lightweight fine-tuning framework that specifically fine-tunes the value and
output projection matrix W,, W, in the temporal self-attention layers, using the 180-degree
rotated attention map from the forward video as additional input (see Fig. 5.2). We use
for(zy;t, ¢, {AL}) to denote the backward motion generation network. This fine-tuning ap-
proach offers two key advantages:

First, by utilizing existing forward motion statistics from the pre-trained SVD model, fine-
tuning Wy, ) simplifies the model’s task to focus on learning how to synthesize reasonable
content when operating in reverse. This strategy requires significantly less data and fewer
parameters compared to full model fine-tuning. Second, it enables the control for the model
to generate a backward motion trajectory corresponding to the opposite of the forward
trajectory described by the attention map. This feature is particularly beneficial when
planning to merge forward and backward motions converging towards each other, and thus
achieving forward-backward consistency.

IXNXCxHxW
R ;

The detailed training process is shown in Alg. 1. For latent video z € we

denote flip(z) specifically by the second dimension, i.e., reversing the latent video along the
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Figure 5.2: Temporal self-attention module in the backward motion generation.
Given input tensor X, our attention mechanism additionally takes the respective attention
map A from the pre-trained SVD featuring forward motion, rotating it by 180 degrees to
create a reverse motion-time association A’. Note that W, ,) are the only trainable param-

eters in this module.

time axis. In every training iteration, we sample an input video of N frames, and random
time step t, then the noisy video latent z; is created by adding the noise in that time step.
The noisy video latent along with the input conditioning ¢y (computed from 1) is fed into the
pre-trained 3D U-Net fj to extract the self attention maps {A;} from the temporal attention
layers. Then we reverse the noisy video latent, along with the last frame conditioning cy_1,
feed them into the backward motion 3D-U-Net fy. The loss function is computed by taking

the predictions of the network and the ground truth reverse video.
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Algorithm 1 Light-weight backward motion fine-tuning
Require: fy, paaa(x), £(-)

Ensure: Wy, ,

1: while not converged do

2: Sample X ~ Paaia(x); x = {115 2z = £(x)

3: Compute conditioning ¢y from I

4: Sample ¢ ~ Uniform({1,...,7}); e ~ N(0,I)

5: Zi < 7 + 0L€

6: {A;} « extract_attention_map(fs(2z;t, co))

7: z; < flip(z;)

8: Compute conditioning cy_1 from Iy_4

9: Take gradient descent step on Vi, .| fo(zi;t,en1,{Aj}) — yli3, where y =
aflip(e) — 042,

10: end while

5.3.8  Dual-directional sampling with forward-backward motion consistency

Our complete dual-directional sampling process is detailed in Alg. 2. Given a pair of keyframes
Iy and In_q, their corresponding conditioning ¢y and cy_; are pre-computed. Then each

sampling step (illustrated in Fig. 5.1) works as follows:

(1) Forward motion denoising with [y as input: The noisy video latent z; along with the
conditioning ¢y is fed into the pre-trained 3D U-Net fy in SVD to predict the noise volume
Vio. Additionally, the temporal self-attention maps {A;} in the 3D U-Net are extracted.

(2) Backward motion denoising with Iy_; as input: The noisy video z; is flipped along
the temporal dimension to create the reverse video latent z; corresponding to the backward
motion. This backward video, along with the conditioning cy_1, as well as the 180-degree
rotated attention maps {A}}, are fed into our fine-tuned 3D U-Net fp. This step predict the

noise volume v, ; representing a reverse motion from Iny_;.
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(3) Finally, the predicted noise volumes from both forward and reverse motion paths are
fused and then denoised using the update(-, -) function to create less noisy video z;_;. In this
way, we ensure forward-backward consistency and thus a consistent moving direction in the
generated video. The fuse(+, -) function performs a simple average. In practice, we also adopt
per-step recurrence to enhance the fusion as seen in [2, 30], by re-injecting Gaussian noise
into the update z; ; and repeating the denoising 5 times before continuing the sampling for

the next step.

Algorithm 2 Dual-directional diffusion sampling
Require: Iy, In-1, fo, fo, D(:)

1: Compute conditions cg and cy_; from Iy and Iny_;
2: Set zy ~ N(0,1)

3: for t =T down to 1 do

4: Vio  fo(zs;t, co)

5: {A;} < extract_attention_-map( fy(z:;t, co))

6: z; < flip(z;)

T ‘A’t,l A f@/(Z;;t,CNfl, {A;})

8: Vi flip(ve1)

9: Vi fuse(Vio, Vi)

10: z;—1 < update(z, v; t)
11: end for

12: return D(z)

5.3.4  Implementation Details

Our lightweight fine-tuning technique fine-tunes less than 2% of the U-Net parameters, and

does not rely on large collection of training videos. So we collected 100 high quality videos
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which are originally generated from SVD from a community website® as our training data.
Our experimental results show that our method generalizes well to the real image data. We
select the ones with large object motion such as animal running, vehicle moving, people walk-
ing, and so on. We use the Adam optimizer with learning rate of 1le—4, 5; = 0.9, 55 = 0.999,
and weight decay of 1e—2. The training takes around 15K iterations with batch size of 4. We
trained on 4 A100 GPUs. For sampling, we apply 50 sampling steps. For other parameters
in SVD, we use the default values: motion bucket id = 127, noise aug strength = 0.02.

5.4 Experiments

In Figs. 5.3, 5.4, 5.5, we demonstrate that our approach successfully generates high quality
videos with consistent motion given distant keyframes. We highly recommend viewing the
videos in the project webpage to see the results more clearly. Sec. 5.4.1 describes the data
we used to evaluate our method and the baselines. Sec. 5.4.2 demonstrates how our method
outperforms traditional frame interpolation method FILM, and the recent work TRF [30]
that also leverages SVD for video generation. Sec. 5.4.3 justifies our design decisions with an
ablation study. Sec. 5.4.5 discusses the optimal scenarios where our method excels and sub-
optimal ones where it outperforms the baselines but remains limited by SVD itself. Sec. 5.4.6

discusses our failure cases.

5.4.1 FEwvaluation Dataset

We use two high-resolution (1080p) datasets for evaluations: (1) The Davis dataset [90],
where we create a total of 117 input pairs from all of the videos. This dataset mostly features
subject articulated motions, such as animal or human motions. (2) The Pexels dataset, where
we collect a total of 106 input keyframe pairs from a compiled collection of high resolution

videos on Pexels®, featuring directional dynamic scene motions such as vehicles moving,

3https://www.stablevideo.com/

“https: //www.pexels.com/
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animals, or people running, surfing, wave movements, and time-lapse videos. All input pairs

are at least 25 frames apart and have the corresponding ground truth video clips.

5.4.2  Baseline Comparisons

We mainly compare our approach to FILM [99], the current state-of-the-art frame interpola-
tion method for large motion, and TRF [30] which also adapts SVD for bounded generation.
We show representative qualitative results in Figs. 5.3, 5.5. In addition, we also include
results for the keyframe interpolation feature from the recent work DynamiCrafter [117]—a
large-scale image-to-video model. The keyframing feature is modified from it and specially
trained to accept two end frames as conditions, while we focus on how to adapt a pretrained
image-to-video model in a lightweight way with small collection of training videos and much
less computational resources. This feature generates videos at resolution 512 x 320, while

ours generates at resolution 1024 x 576. Nonetheless, we present its results for reference.

Quantitative evaluation. For each dataset, we evaluate the generated in-between videos
using FID [10] and FVD [31], widely used metrics for evaluating generative models. These
two metrics measure the distance between the distributions of generated frames/videos and
actual ones. The results are shown in Tab. 5.1, and our method outperforms all of the

baselines by a significant margin.

Comparison to FILM. The flow-based frame interpolation method FILM suffers from
two problems. First, it struggles to find correspondences in scenes with large motions.
For example, in the second row of Fig. 5.3, in a highway where vehicles moving in both
directions, FILM fails to find the correspondence between the moving cars across the input
keyframes, resulting in implausible intermediate motions. For example, some cars in the first
frame disappear in the middle and reappear at the end. Second, it generates undesirable
unambiguous motion which takes the shortest path between the end frames. In the example
in Fig. 5.5, given two similar-looking frames that captures different states of a person running,

FILM produces a motion that merely translates the person across the frames, losing the
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Pexels Davis
FID, FVD| |FID| FVDJ
FILM [100] 25.16 371.83 | 41.85 1048.65
TRF [30] 31.43  563.16 | 36.79  563.07
DynamiCrafter [117] 32.06 393.12 | 38.32 439.74
Ours w/o RA 26.42  458.76 | 36.70  549.98
Ours w/o FT 37.68 555.10 | 47.23  604.76
Ours 22.99 306.84 | 32.68 424.69

Table 5.1: Comparisons with baselines and our ablation variants. Ours w/o RA: full pipeline
with fine-tuning all parameters Wy, .03 without using the 180-degree rotated temporal
attention map. Ours w/o FT: full pipeline using rotated attention map only in the “up”

blocks and without fine-tuning Wy, o, for backward motion.

natural kinematic motions of the legs.

Comparison to TRF. TRF fuses the forward video generation starting from the first frame
and the reversed forward video starting from the second frame, both using the original SVD.
The reversed forward video from the second frame creates a backward motion video that
ends at the second frame. Fusing these generation paths results in a back-and-forth motion
in the generated videos. One notable effect we observe with TRF is that the generated
videos exhibit a pattern of progressing forward first and then reversing to the end frame.
For example, in the third row of Fig. 5.3, we can see the red truck moving backward over
time; in the seventh row, the dog’s legs are moving backwards, leading to unnatural motions.
In contrast, our approach fine-tunes SVD to generate a backward video starting from the
second frame in the opposite direction to the forward video from the first frame.This forward-

backward motion consistency leads to the generation of a motion-consistent video.
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5.4.8 Ablations

In Fig. 5.4 and Tab. 5.1, we show visual and quantitative comparisons to simpler versions of

our method to evaluate the effect of the key components in our method.

Fine-tuning without rotated attention map (Ours w/o RA). We compare with a
variant that fine-tunes all parameters in the temporal self-attention layers, namely, Wy, 1 .0}
but without using the 180-degree rotated temporal self-attention map from the forward video
as extra input. Though fine-tuning all parameters can generate backward motion from the
second input image, there is no guarantee that the backward motion will mirror the forward
motion from the first input image. This discrepancy makes it hard for the model to reconcile
the two motion paths, often resulting in blending artifacts, as shown in the top row of
Fig. 5.4. In contrast, fine-tuning W7y, ,3 with the rotated attention maps generates coherent

and high-fidelity in-between videos.

Fine-tuning Wy, vs. no fine-tuning (Ours w/o FT). In Sec. 5.3.1, we show that
rotating the temporal attention maps by 180 degrees reverses the motion-time association,
creating a backward motion trajectory. Here we show that fine-tuning the value and output
projection matrices W, , is necessary for the model to synthesize high-fidelity content given
the input backward motion-time association. We run our full pipeline without any fine-
tuning, and our attention map rotation operation is only applied to the “up” blocks in this
variant. As shown in the second row of Fig. 5.4 and Tab. 5.1, without fine-tuning these
parameters, the model can create consistent motion but suffers from poor frame quality
due to the low frame quality of the backward video generation. For example, the person is
disfigured in the generated video. Note that applying the attention map rotation operation
to the “down” and “mid” blocks in this variant worsens visual fidelity even further; thus, we
show the best-case scenario without fine-tuning (i.e., applying rotated attention maps to the

“up” blocks only).
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5.4.4 Sensitivity to the scale of training set

As stated in Sec. 5.3.4, our method fine-tunes fewer than 2% parameters of the original
model by using the attention map from the pretrained model, and thus we reduce the need
for extensive training data. We use 100 synthetic training videos in our experiments. Here
we we conduct an ablation by varying the training dataset size to be 50 and 150 videos, and
evaluate the performance as done in Tab. 5.1. Our method still outperforms the baselines
even with a training size of 50, and its performance increases slowly as more data is added

(see Fig. 5.6).

5.4.5  Optimal and sub-optimal scenarios

Our method is limited by the motion quality and priors learned by SVD. Firstly, our empirical
experiments indicate that SVD works well with generating rigid motions, but struggles with
non-rigid, articulated movements. It has difficulty accurately rendering the limb movements
of animal/people. In Fig. 5.5, though our method significantly improves upon FILM and
TRF, it still appears unnatural compared to the ground truth movements. The bottom row,
showing the sequence generated by SVD using only the first input frame, confirms that SVD

itself struggles to generate natural running movements in between.

5.4.6  Failures

When the input pairs are captured at such distant intervals that they have sparse corre-
spondences, as shown in Fig. 5.7, where only a small portion of cars appear in both input
frames, it becomes difficult for our method to fuse the forward and backward motions. This
situation, where the overlapping areas are minimal, leads to artifacts in the intermediate

frames.
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5.5 Discussions

Our method is limited by the motion quality of the underlying base model, Stable Video
Diffusion (SVD), as discussed in Sec. 5.4.5. Another limitation is that SVD has strong
motion priors derived from the input image, tending to generate only specific motions for a
given input. As a result, the actual motion required to connect the input key frames may
not be represented within SVD’s motion space, making it challenging to synthesize plausible
intermediate videos. However, with advancements in large scale image-to-video models like
Sora’, we are optimistic that these limitations can be addressed in the future. Including
better motion datasets and incorporating articulated motion/physical movement priors may
also help. Another potential improvement involves using motion heuristics between the
input key frames to prompt the image-to-video model to generate more accurate in-between

motions.

Shttps://openai.com /index/sora/
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Figure 5.3: Qualitative baseline comparisons. Leftmost (i = 0) and rightmost columns

(1 = 24): start and end frames. The red arrow indicates the direction of motion.
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Figure 5.4: Ablation study. We evaluate other options for generating in-between motion
consistency. (1) Ours w/o RA: full pipeline with fine-tuning all parameters Wiy 01 in the
temporal attention layers but without using 180-degree rotated temporal self-attention maps
as extra input (top row). (2) Ours w/o FT: full pipeline without fine-tuning Wy, , for

backward motion (second row). The differences are highlighted in the red rectangle.



60

e
@
=
=
B

Ours TRF

SVD

Figure 5.5: Our method outperforms FILM and TRF in generating articulated movements
inbetween, but still struggles to create natural kinematic motions because of the limitation
of SVD itself failing to generated complex kinematics (bottom row). Note that the input
image serve as conditioning to SVD, so generated first frame might differ from the input

image if SVD struggles to create plausible videos from that input.
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Figure 5.6: Ablation on how the scales of the training dataset affect our model’s performance.
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Chapter 6

MULTI-SCALE KEYFRAMING FOR DEEP ZOOM
GENERATION

Figure 6.1: Powers of Ten (1977). This documentary film shows a continuous zoom from

universe level (top left) to a single human lying on the grass (bottom right), and further into
the hand and microscopic molecular structures. In this project, we aim to generate zoom

videos with a similar effect.

This chapter presents the research project Generative Powers of Ten' with Janne Kontka-
nen, Brian Curless, Steven M. Seitz, Ira Kemelmacher-Shlizerman, Ben Mildenhall, Pratul
P. Srinivasan, Dor Verbin, and Aleksander Holynski. The findings of this work are published
in CVPR 2024 [137].

Recent text-to-image models [156, 11, , , 39, 27, 95] have been transformative in

Thttps:/ /powers-of-10.github.io/
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enabling applications like image generation from a single text prompt. While digital images
exist at a fixed resolution, the real world can be experienced at many different levels of scale.
Few things exemplify this better than the classic 1977 short film “Powers of Ten” (a few
frames are shown in Fig. 6.1), which showcases the sheer magnitudes of scale that exist in the
universe by visualizing a continuous zoom from the outermost depths of the galaxy to the
cells inside our bodies?. Unfortunately, producing such animations or interactive experiences
has traditionally required trained artists and many hours of tedious labor. Although we
might want to replace this process with a generative model, existing methods have not yet

demonstrated the ability to generate consistent content across multiple zoom levels.

Unlike traditional super-resolution methods, which generate higher-resolution content
conditioned on the pixels of the original image, extreme zooms expose entirely new struc-
tures. For example, magnifying a hand should reveal its underlying skin cells, and thus
generating such a zoom requires semantic knowledge of human anatomy. In this paper, we
focus on solving this semantic zoom problem, i.e., enabling text-conditioned multi-scale im-
age generation, to create Powers of Ten-like zoom videos. As input, our method expects a
series of text prompts that describe different scales of the scene, and produces as output a
multi-scale image representation that can be explored interactively or rendered to a seamless
zooming video. These text prompts can be user-defined (allowing for creative control over
the content at different zoom levels) or crafted with the help of a large language model (e.g.,
by querying the model with an image caption and a prompt like “describe what might you

see if you zoomed in by 2z7).

At its core, our method relies on a joint sampling algorithm that uses a set of parallel
diffusion sampling processes distributed across zoom levels. These sampling processes are
coordinated to be consistent through an iterative frequency-band consolidation process, in
which intermediate image predictions are combined across scales. Unlike existing approaches

that accomplish similar goals by repeatedly increasing the effective image resolution (e.g.,

2https://wuw.youtube . com/watch?v=0fKBhvDjuy0
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through super-resolution or image outpainting), our sampling process jointly optimizes for
the content of all scales at once, allowing for both (1) plausible images at each scale and (2)
consistent content across scales. Furthermore, existing methods are limited in their ability to
explore wide ranges of scale, since they rely primarily on the input image content to determine
the added details at subsequent zoom levels. In many cases, image patches contain insufficient
contextual information to inform detail at deeper (e.g., 10x or 100x) zoom levels. On the
other hand, our method grounds each scale in a text prompt, allowing for new structures
and content to be conceived across extreme zoom levels. In our experiments, we compare
our work qualitatively to these existing methods, and demonstrate that the zoom videos that
our method produces are notably more consistent. Finally, we showcase a number of ways
in which our algorithm can be used, e.g., by conditioning purely on text or grounding the

generation in a known (real) image.
6.1 Prior work

Super-resolution and inpainting. Existing text-to-image based super resolution mod-
els [107, 1] and outpainting models [, , 08, 123] can be adapted to the zoom task as
autoregressive processes, i.e., by progressively outpainting a zoomed-in image, or progres-
sively super-resolving a zoomed-out image. One significant drawback of these approaches
is that later-generated images have no influence on the previously generated ones, which
can often lead to suboptimal results, as certain structures may be entirely incompatible with

subsequent levels of detail, causing error accumulation across recurrent network applications.

Perpetual view generation. Starting from a single view RGB image, perpetual view
generation methods like Infinite Nature [70] and InfiniteNature-Zero [77] learn to generate
unbounded flythrough videos of natural scenes. These methods differ from our generative
zoom in two key ways: (1) they translate the camera in 3D, causing a “fly-through” effect with
perspective effects, rather than the “zoom in” our method produces, and (2) they synthesize
the fly-through starting from a single image by progressivly inpainting unknown parts of

novel views, wheras we generate the entire zoom sequence simultaneously and coherently
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across scales, with text-guided semantic control.

Diffusion joint sampling for consistent generation. Recent research |5, : , 74]
leverages pretrained diffusion models to generate arbitrary-sized images or panoramas from
smaller pieces using joint diffusion processes. These processes involve concurrently generat-
ing these multiple images by merging their intermediate results within the sampling process.
In particular, DiffCollage [158] introduces a factor graph formulation to express spatial con-
straints among these images, representing each image as a node, and overlapping areas with
additional nodes. Each sampling step involves aggregating individual predictions based on
the factor graph. For this to be possible, a given diffusion model needs to be finetuned for
different factor nodes. Other works such as MultiDiffusion [5] reconciles different denoising
steps by solving for a least squares optimal solution: i.e., averaging the diffusion model
predictions at overlapping areas. However, none of these approaches can be applied to our
problem, where our jointly sampled images have spatial correspondence at vastly different

spatial scales.

6.2 Method

Let yo,...,yn—1 be a series of prompts describing a single scene at varying, corresponding
zoom levels py, ..., py_1 forming a geometric progression, i.e., p; = p' (we typically set p to 2
or 4). Our objective is to generate a sequence of corresponding H x W x C' images X, ..., Xy _1
from an existing, pre-trained, text-to-image diffusion model. We aim to generate the entire
set of images jointly in a zoom-consistent way. This means that the image x; at any specific
zoom level p;, should be consistent with the center H/p x W/p crop of the zoomed-out image
Xi 1.

We propose a multi-scale joint sampling approach and a corresponding zoom stack rep-
resentation that gets updated in the diffusion-based sampling process. In Sec. 6.2.1, we
introduce our zoom stack representation and the process that allows us to render it into an
image at any given zoom level. In Sec. 6.2.2, we present an approach for consolidating mul-

tiple diffusion estimates into this representation in a consistent way. Finally, in Sec. 6.2.3,
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Figure 6.2: Overview of a single sampling step. (1) Noisy images z;; from each zoom
level, along with the respective prompts y; are simultaneously fed into the same pretrained
diffusion model, returning estimates of the corresponding clean images X;;. These images
may have inconsistent estimates for the overlapping regions that they all observe. We em-
ploy multi-resolution blending to fuse these regions into a consistent zoom stack L£; and
re-render the different zoom levels from the consistent representation. These re-rendered

images Ilimage(Lt; ) are then used as the clean image estimates in the DDPM sampling step.

we show how these components are used in the complete sampling process.

6.2.1 Zoom Stack Representation

Our zoom stack representation, which we denote by £ = (Lo, ..., Lx_1), is designed to allow
rendering images at any zoom level pg,...,py_1. The representation, illustrated in Fig. 6.3,
contains N images of shape H x W, one for each zoom level, where the ith image L; stores

the pixels corresponding to the ith zoom level p;.

Image rendering. The rendering operator, which we denote by Iiage(L; ), takes a zoom
stack £ and returns the image at the ith zoom level p; = p’. We denote by D;(x) the
operator which downscales the image x by factor p;, and zero-pads the image back to size
H x W; and we denote by M; the corresponding H x W binary image which has value 1
at the center H/p; x W/p; patch and value 0 at padded pixels. The operator D; operates
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Zoomed out

Zoomed in

4

Figure 6.3: Zoom stack. Our representation consists of N layer images L; of constant reso-
lution (left). These layers are arranged in a pyramid-like structure, with layers representing
finer details corresponding to a smaller spatial extent (middle). These layers are composited

to form an image at any zoom level (right).

by prefiltering the image with a truncated Gaussian kernel of size p; X p; and resampling
with a stride of p;. As described in Alg. 3, an image x; at the ith zoom level is rendered by
starting with L;, and iteratively replacing its central H/p; x W/p; crop with D;_;(L;), for
j=1i+1,..,N—1. (In Alg. 3 we denote by ® the elementwise multiplication of a binary
mask M with an image.) This process guarantees that rendering at different zoom levels will

be consistent at overlapping central regions.

Noise rendering. At every denoising iteration of DDPM [12], each pixel is corrupted by
globally-scaled i.i.d. Gaussian noise € ~ N(0,I). Since we would like images rendered at
different zoom levels to be consistent, it is essential to make sure the added noise is also con-
sistent, with overlapping region across different zoom levels sharing the same noise structure.
Therefore, we use a rendering operator similar to Iljyage Which converts a set of indepen-
dent noise images, £ = (Ey, ..., Ex_1) into a single zoom-consistent noise €; = I,ise(E; 7).
However, because downsampling involves prefiltering, which modifies the statistics of the

resulting noise, we upscale the jth downscaled noise component by i/p; to preserve the vari-
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ance, ensuring that the noise satisfies the standard Gaussian distribution assumption, i.e.,

that €; = Ioise(€;7) ~ N(0,1) for all levels i.

Algorithm 3 Image and noise rendering at scale 1.

1: Set x < L;, € ~ N(0,1)

2: forj=1+1,...,N—1do

3 X< M, 0D;_(L;)+(1—-M;_;) ©x

4 € (pi/pi)M;— ©Dji(E;) + (1 = M) ©O€
5: end for

6: return x, €

6.2.2  Multi-resolution blending

Equipped with a method for rendering a zoom stack and sampling noise at any given zoom
level, we now describe a mechanism for integrating multiple observations of the same scene
X, ..., XNy_1 at varying zoom levels py, ..., py_1 into a consistent zoom stack £. This process is
a necessary component of the consistent sampling process, as the diffusion model applied at
various zoom levels will produce inconsistent content in the overlapping regions. Specifically,
the jth zoom stack level L; is used in rendering multiple images at all zoom levels ¢ < j,
and therefore its value should be consistent with multiple image observations (or diffusion
model samples), namely {x; : ¢ < j}. The simplest possible solution to this is to naively
average the overlapping regions across all observations. This approach, however, results in
blurry zoom stack images, since coarser-scale observations of overlapping regions contain
fewer pixels, and therefore only lower-frequency information.

To solve this, we propose an approach we call multi-resolution blending, which uses Lapla-
cian pyramids to selectively fuse the appropriate frequency bands of each observation level,
which prevents aliasing as well as over-blurring. We show an outline of this process in Fig. 6.4.

More concretely, to update the ith layer in the zoom stack, we begin by cropping all samples
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Figure 6.4: Multi-resolution blending. We produce a consistent estimate for Layer L;
in the zoom stack by merging the H/p; x W/p, central region of the corresponding zoomed
out images x; for 7 < 4. This merging process involves (1) creating a Laplacian pyramid
from each observation, and blending together the corresponding frequency bands to create
a blended pyramid. This blended pyramid is recomposed into an image, which is used to

update the layer L;.

J > i to match with the content of the ith level, and rescaling them back to H x W. We then
analyze each of these N — i — 1 images into a Laplacian pyramid [13], and average across

corresponding frequency bands (see Fig. 6.4), resulting in an average Laplacian pyramid,
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which can be recomposed into an image and assigned to the ith level of the zoom stack. This
process is applied for each layer of the zoom stack L;, collecting from all further zoomed-out

levels 5 > 1.

6.2.3 Multi-scale consistent sampling

Our complete multi-scale joint sampling process is shown in Alg. 4. Fig. 6.2 illustrates a
single sampling step ¢: Noisy images z;; in each zoom level along with the respective prompt
y; are fed into the pretrained diffusion model in parallel to predict the noise €;;_1, and thus
to compute the estimated clean images X;,. Equipped with our multi-resolution blending
technique, the clean images are consolidated into a zoom stack, which is then rendered at all
zoom levels, yielding consistent images Ilinage(Le; 7). These images are then used in a DDPM

update step along with the input z; to compute the next z;_ ;.

6.2.4 Photograph-based Zoom

In addition to using text prompts to generate the entire zoom stack from scratch, our ap-
proach can also generate a sequence zooming into an existing photograph. Given the most
zoomed-out input image &, we still use Alg. 4, but we additionally update the denoised

images to minimize the following loss function before every blending operation:
N-1
(o Xnv-re) = Y I Dil%ie) = M; © €5, (6.1)
i=0

where, as we defined in Sec. 6.2.1, D;(x) downscales the image x by a factor p; and pads the
result back to H x W, and M; is a binary mask with 1 at the center H/p; x W/p; square
and 0 otherwise. Before every blending operation we apply 5 Adam [60] steps at a learning
rate of 0.1. This simple optimization-based strategy encourages the estimated clean images
{)A(M_l}fi o to match with the content provided in £ in a zoom-consistent way. We show our

generated photograph-based zoom sequences in Fig. 6.5.



71

Algorithm 4 Multi-scale joint sampling.

1. Set L «+ 0, z;7 ~N(0,I),Vi=0,..,N —1
2: fort=1T,...,1do

3 &~N(0,I)

4: parfor i =0,...,N —1do

S Xit = Himage(ﬁt; i)

6: €; = Ihoise(E57)

7: z;,—1 = DDPM_update(z;, X, €;)
8: €ir-1=(1+wep(zi—1;t—1,4)
9: —we€p(zip-1;t — 1)
10: Xit—1 = (Zig—1 — Or—1€;4-1) /01
11: end parfor

12: L1+ Blending({ﬁi,t,l}f\i’ol)
13: end for

14: return L,

6.2.5 Implementation Details

For the underlying text-to-image diffusion model, we use a version of Imagen [100] trained
on internal data sources, which is a cascaded diffusion model consisting of (1) a base model
conditioned on a text prompt embedding and (2) a super resolution model additionally
conditioned the low resolution output from the base model. We use its default DDPM
sampling procedure with 256 sampling steps, and we employ our multi-scale joint sampling
to the base model only. We use the super resolution model to upsample each generated

image independently.
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Figure 6.5: Selected images of our generated zoom sequences beginning with a provided real
image. Left: Zoom from a man on a picnic blanket into the skin cells on his hand. Right:

Zoom from a girl holding a leaf into the intricate vein patterns on the leaf.
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Figure 6.6: Selected stills from our generated zoom videos (columns). Please refer to

Sec. 6.3.1 for complete text prompts.
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6.3 Experiments

In Figs. 6.5, 6.6, 6.7, 6.8, and 6.10, we demonstrate that our approach successfully generates
consistent high quality zoom sequences for arbitrary relative zoom factors and a diverse set of
scenes. Sec. 6.3.1 describes how we generate text prompts, Sec. 6.3.2 demonstrates how our
method outperforms diffusion-based outpainting and super-resolution models, and Sec. 6.3.3

justifies our design decisions with an ablation study.

6.3.1 Text Prompt Generation

We generate a collection of text prompts that describe scenes at varying levels of scales
using a combination of ChatGPT [89] and manual editing. For clarity, we use the GPT-4
model as deployed in ChatGPT. We start with prompting ChatGPT with a description of
a scene, and asking it to formulate the sequence of prompts we might need for different
zoom levels. While the results from this query are often plausible, they often (1) do not
accurately match the corresponding requested scales, or (2) do not match the distribution of
text prompts that the text-to-image model is able to most effectively generate. As such, we
manually refine the prompts. We show a comparison of the prompts generated by ChatGPT
and the corresponding manually refined prompts (which were used to generate our zooming
videos) in Tab. 6.5 and Tab. 6.6. Some sequences were not generated automatically—these
are shown in Tabs. 6.1, 6.2, 6.4, and 6.3.

In the future, we expect LLMs (and in particular, multimodal models) to automatically
produce a sequence of prompts well suited for this application. In total, we collect a total of

10 examples, with the prompts sequence length varying form 6 to 16.

6.3.2 Baseline Comparisons

Fig. 6.7 compares zoom sequences generated with our method and without (i.e., indepen-
dently sampling each scale). When compared to our results, the independently-generated

images similarly follow the text prompt, but clearly do not correspond to a single consistent
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Figure 6.7: Generated zoom sequences with independent sampling (top) and our multi-scale
sampling (bottom). Our method encourages different levels to depict a consistent underlying

scene, while not compromising the image quality.

underlying scene.

Next, we compare our method to two autogressive generation approaches for generating
zoom sequences: (1) Stable Diffusion’s [1] outpainting model and (2) Stable Diffusion’s
“upscale” super-resolution model. We show representative qualitative results in Fig. 6.8. In

Fig. 6.9, we compare with the super resolution model for photograph-based zoom.

Comparison to progressive outpainting. The outpainting baseline starts with generat-
ing the most zoomed-in image and progressively generates coarser scales by downsampling
the previous generated image and outpainting the surrounding area. As in our method, the
inpainting of each level is conditioned on the corresponding text prompt. In Fig. 6.8, we
show that because of the causality of the autoregressive process, the outpainting approach
suffers from gradually accumulating errors, i.e., when a mistake is made at a given step,

later outpainting iterations may struggle to produce a consistent image.
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A close-up of an exoplanet in a foreign solar system Detailed view of an oak tree bark showing ridges and grooves

Figure 6.8: Comparisons with Stable Diffusion Outpainting and super-resolution (SR) mod-

els.

Comparison to progressive super-resolution. The super-resolution baseline starts with
the most zoomed-out image and generates subsequent scales by super-resolving the upscaled
central image region, conditioned on the corresponding text prompt. The low resolution
input provides strong structural information which constrains the layout of the next zoomed-
in image. As we can see in Fig. 6.8, this super-resolution baseline is not able to synthesize

new objects that would only appear in the finer, zoomed-in scales.

6.3.3 Ablations

In Fig. 6.10, we show comparisons to simpler versions of our method to examine the effect

of our design decisions.
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Figure 6.9: Comparison between the Stable Diffusion super-resolution (SR) model (top) and

our method (bottom), zooming into a scene defined by a provided real input image (left).

Joint vs. Iterative update. Instead of performing multi-scale blending approach, we can
instead iteratively cycle through the images in the zoom stack, and perform one sampling
step at each level independently. Unlike fully independent sampling, this process does allow
for sharing of information between scales, since the steps are still applied to renders from the
zoom stack. We find that although this produces more consistent results than independent

sampling, there remain inconsistencies at stack layer boundaries.

Shared vs. random noise Instead of using a shared noise 11, noise can be sampled

independently for each zoom level. We find that this leads to blur in the output samples.

Comparison with naive blending. Instead of our multi-scale blending, we can instead
naively blend the observations together, e.g., as in MultiDiffusion [5]. We find that this leads

to blurry outputs at deeper zoom levels.
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6.4 Failure cases

Our method relies on the text-to-image diffusion model producing images of a scene at a
particular set of scales from a particular viewpoint, and finding the exact set of text prompts
that produce this can often be difficult. In Fig. 6.11, we show examples of cases where (1) the
relative scale between a set of layers does not match the distribution of images that the model
intends to create, and (2) the model intends to create images from different viewpoints across
different zoom levels. As mentioned in the main paper, one possible improvement could be
to optimize for suitable geometric transformations between successive zoom levels. These
transformations could include translation, rotation, and even scale, to find better alignment

between the zoom levels and the prompts.
6.5 Discussion

A significant challenge in our work is discovering the appropriate set of text prompts that
(1) agree with each other across a set of fixed scales, and (2) can be effectively generated
consistently by a given text-to-image model. One possible avenue of improvement could be
to, along with sampling, optimize for suitable geometric transformations between successive
zoom levels. These transformations could include translation, rotation, and even scale, to
find better alignment between the zoom levels and the prompts.

Alternatively, one can optimize the text embeddings, to find better descriptions that
correspond to subsequent zoom levels. Or, instead, use the LLM for in-the-loop generation,
i.e., by giving LLM the generated image content, and asking it to refine its prompts to

produce images which are closer in correspondence given the set of pre-defined scales.
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Figure 6.10: Ablations. We evaluate other options for multi-scale consistency: (1) itera-
tively updating each level separately, (2) naive multi-scale blending, (3) removing the shared

noise.
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Figure 6.11: Failure cases. Left: an example where the predicted images from different
levels observe the scene from different viewpoints (initially from a nearly horizontal view,
but finally from an oblique upward-facing view). Right: an example where image priors do
not correspond to the relative scale between zoom levels, as seen in the fact that multiple

scales of the bark texture exist at a single zoom level.
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A straight road in the middle with alpine forests on the

sides under the blue sky with clouds; autumn season

e A photo capturing the tranquil serenity of a secluded
alpine forest road with Mount Rainier in the far end; blue
sky; autumn season

o A photo of serene alpine meadows against the massive
Mount Rainier

e FExtreme close-up of the steep cliffs and rocky outcrops
of a snow mountain occupying the entire image;
tight framing

o FExtreme close-up of the steep cliffs and rocky outcrops
of a snow mountain occupying the entire image;
tight framing

o A team of climbers with red clothes climbing on the

rugged cliffs; low camera angle

Table 6.1: Complete prompts for the Mount Rainier example (column 4 in Fig. 7) with

relative scale p = 2.
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o Small galazy far away surrounded by large starry dark
sky, millions of sparkling stars against dark background
and vast emptiness

e Beautiful, high quality photo of Andromeda Galaxy

e (lalactic core, tight framing

e (lalactic core, tight framing

e Thousands of stars against dark space in the background

o Dark starry sky

o Dark starry sky with a foreign solar system in the middle

o Fuar view of alien solar system with a star and multiple
exoplanets. Smaller stars in the background

o Alien solar system with one of the exoplanets in the center

o An exoplanet of a foreign solar system

o A close-up of an exoplanet in a foreign solar system,
revealing a dry and arid climate

o Very high up top-down aerial image of deserted
continents with reddish-hued soil in an alien planet
revealing a dry and arid climate

o High up top-down aerial image of deserted
continents with reddish-hued soil in an alien planet
revealing o dry and arid climate

e Top-down photorealistic aerial image of a continent

with a lot of deserts in an alien planet

o Top-down photorealistic aerial image of a desert

with an alien outpost in the middle

o Top-down view of an alien outpost as seen directly above

Table 6.2: Complete prompts for the Galaxy example (column 1 in Fig. 7) with relative
scale p = 2.



A girl is holding a maple leaf in front of her face, partially
obscuring it

A brightly colored autumn maple leaf. The leaf is a rich
blend of red and yellow hue and partially covering the
face behind it; tight framing

A brightly colored autumn maple leaf

Orange maple leaf texture with lots of veins;
macrophotography

Macrophotograph showing the magnified veins pattern on
the orange maple leaf texture; macrophotography

High resolution macrophotograph showing the magnified
veins pattern on the orange maple leaf texture;

macrophotography

83

Table 6.3: Complete prompts for the Maple Leaf example (column 2 in Fig. 6) with relative

scale p = 2.
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o An aerial view of a man lying on the picnic blanket with
his hand in the center of the image

o A close-up realistic photo showing the back side of a
men’s hand; uniform lighting; this lying person’s hand
should be put on top of light faded white shirt

e A close-up photo capturing the surface of skin of the back
hand; uniform lighting

e Photo taken through a light microscope of skin’s
eptdermal layer. The outermost layer, the stratum corneum,
becomes apparent; Multiple rows of dense tiny skin cells
becomes visible in the middle.

e Photo taken through a light microscope of a close up of
skin’s epidermal layer consisting multiple rows of dense
tiny skin cells

e Photo taken through a light microscope showcasing
several skin cells with similar sizes;
with one cell in the center

e Photo taken through a light microscope of a single round
skin cell with its nucleus in the center

e Photo taken through a light microscope of a nucleus

within a single cell

Table 6.4: Complete prompts for the Hand example (column 1 in Fig. 6) with relative scale
p=4.
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ChatGPT generated

Manually refined

Forest, p =2

View of a vast forest from a hilltop

Path leading to the dense forest from open land

Entrance of a forest

with sunlight filtering through the trees

Heart of a forest

filled with tree trunks, leaves, vines, and undergrowth

Single oak tree towering above the rest of the forest

Close-up of a textured oak tree trunk and branches
<level added in refinement>

Detailed view of an oak tree bark showing ridges and groove

<level removed in refinement>
Path leading to the dense forest from open land
Entrance of a forest leading into an oak tree in the middle
with sunlight filtering through the trees
Heart of a forest with a tall oak tree in the middle,
filled with tree trunks, leaves, vines, and undergrowth
Textured tree trunk of a tall oak tree in the middle of a forest
Close-up of a textured oak tree trunk in a forest
Close-up of a textured oak tree trunk in a forest

Detailed view of an oak tree bark showing ridges and groove

Close-up of tree bark showing small cracks, lichen, and insects o Close-up of tree bark showing small cracks, lichen, and insects
Hawaii, p = 2
An aerial photo capturing Hawaii’s islands surrounded e A aerial photo capturing Hawaii’s islands surrounded

by the vast Pacific Ocean from above

An aerial photo showcasing Hawaii’s rugged coastlines
and pristine beaches

An aerial photo revealing Hawaii’s magjestic mountains
and lush rainforests

An aerial shot of Hawaii’s dramatic crater ridges

and expansive lava fields

Aerial view of surreal steam vents and sulphuric fumaroles
within Hawaii’s volcanic landscape

Aerial perspective capturing the raw power and

natural beauty of the volcano’s caldera

<level added in refinement>

by the vast Pacific Ocean from above
An aerial photo showcasing Hawaii’s rugged coastlines
and pristine beaches
An aerial photo revealing Hawaii’s magjestic mountains
and lush rainforests
An aerial shot of Hawaii’s dramatic crater ridges
and expansive lava fields

An aerial close-up photo of the volcano’s caldera

An aerial close-up photo of the rim of a volcano’s caldera,
with a man standing on the edge.
A top down shot of a man standing on the edge of

a volcano’s caldera, waving at the camera.

Table 6.5: Generated prompts from ChatGPT vs. our manually refined prompts. We (1)
removed prompts which are view inconsistent with others, (2) add more levels to make the

relative scale correct, (3) add description to give more context about the entire scene.



36

ChatGPT generated Manually refined

Sunflowers, p = 2

o A sunflower field from afar o A sunflower field from afar
<level added in refinement> o A sunflower field
e Move closer to the sunflower field; individual sunflowers e Close-up of rows of sunflowers of the same size facing front
becoming more defined, swaying gently in the breeze and swaying gently in the breeze; with one in the center
e Zooms in on a specific sunflower at the field’s edge e Zooms in on a single front-facing sunflower
in the center at the field’s edge
o C(Closer view of the sunflower. Emphasize o (loser view of the sunflower in the center. Emphasize
the sunflower’s golden petals and the intricate details the sunflower’s golden petals and the intricate details
e An image focusing solely on the center of the sunflower o An extreme close-up of the center of the sunflower
Showcase the dark, velvety disc florets, Showcase the dark, velvety disc florets,
and capture the honey bee sipping nectar and capture the honey bee sipping nectar
and transferring pollen and transferring pollen
Earth,p=14

e A distant view of Earth, showing continents and oceans Satellite image of the Earth’s surface showing
a landmass in the middle as seen from space
e Zooming in on a continent, with major geographical features visible e Satellite image of landmass of the Earth’s foggy surface

e A focused view on a specific region,

Satellite image of a state in the U.S., showing the state’s
highlighting rivers and landscapes natural beauty with rivers, forests, and towns scattered across

e Narrowing down to a dense forest area,

Satellite image of a quaint American countryside surrounded
showcasing the canopy and terrain by forests and rivers in a foggy morning

e Zooming in on a specific lake, surrounded by the forest.

Satellite image of a foggy forest with a lake in the middle
shoot directly from above

o Close-up of the lake’s surface, with surrounding vegetation

Satellite image of a lake surrounded by a forest
shoot directly from above
o Top-down view of a person kayaking in the lake, amidst the forest. o Top down view of a lake with a person kayaking

shoot directly from above

Table 6.6: Generated prompts from ChatGPT vs. our manually refined prompts. We (1)
removed prompts which are view inconsistent with others, (2) add more levels to make the

relative scale correct, (3) add description to give more context about the entire scene.
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Chapter 7

CHOREOGRAPHY-AWARE KEYFRAMING FOR ANIMAL
DANCE GENERATION

This chapter presents the research project How Animals Dance (When You’re Not Look-
ing) [136]" with Aleksander Holynski, Brian Curlss, Ira Kemelmacher-Shlizerman, and Steven

M. Seitz.

Everything in the universe has a rhythm; everything dances.

—Maya Angelou

Humans dance spontaneously to music—just picture a toddler cheerfully bouncing to the
beats at a birthday party. Animals can dance too; Snowball the cockatoo—can perform up to
14 distinct dance movements in response to different musical cues [62]. In fact, our animal
friends are probably dancing all the time when we’re not looking. In this paper, we capture
this hidden world of animal dance, and expose it for the first time to the human eyes.

While we happen to be particularly obsessed with dancing animals, this paper introduces
a new framework for generating music-synchronized, highly structured, up to 30 seconds long
dance videos. Such capabilities are challenging for current state of the art generative mod-
els [, 4, , ], most of which are limited to short clips of a few seconds, do not produced
synchronized audio and video, and lack intuitive controls for long range motion. Beyond
text prompting, most controls for video generation are fine-grained and operate on a single
frame at a time [112, 32], e.g., body pose, camera pose, motion brushes, etc. In contrast, we
introduce choreography patterns as a new control for video generation. Specifically, we allow

the user to specify a structured sequence of dance moves, or “beats”, e.g., A-B-A-B-C-D-A,

Thttps://how-animals-dance.github.io/
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Figure 7.1: System overview. Given a few initially generated keyframes as input, we gen-
erate mirrored counterparts, extract choreography pattern from a dance video, and optimize
the keyframe structure accordingly. The final dance is synthesized by generating in-between
frames with a video diffusion model and warped to the musical beats. Our method is high-

lighted in gray.

where each letter corresponds to a particular move, and constrain the motion in the video
to follow that choreography. Furthermore, we show how these choreography patterns can be
automatically estimated from existing (human) dance videos.

Our use of choreography patterns as a control is inspired by how real dances are organized.
A well-formed dance follows basic choreographic rules [14], which structure the movements to
align with the rhythmic flow of the accompanying music, and often involve recurring patterns
such as mirroring and repetition to help reinforce the musical structure [65, 64]. We leverage

this inherent structure of dance to make the generation task more tractable. As input, we
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use a collection of initially generated keyframes, each representing a distinct pose. We then
formulate the dance synthesis as a graph optimization problem, i.e., find the optimal walk
path through the keyframes where the underlying motion satisfy a specified choreography
pattern of beats. Each selected keyframe in the path is aligned to a musical beat. The final
dance video is produced by synthesizing in-between frames between the keyframes using a
generative video inbetweening model [139, 131] (Fig. 7.1).

Beyond 1) introducing a new type of generative video control (choreography patterns),
and 2) a practical system for generating music-synchronized dance videos, this paper makes
the following technical contributions. First, we introduce a technique for inferring chore-
ography patterns from human dance videos, such as those found on Youtube and TikTok.
Second, we formulate the satisfaction of these constraints as a graph optimization problem
and solve it. Finally, we demonstrate an approach for pose-mirroring in the image domain,
while retaining asymmetries in foreground and background features.

We demonstrate the effectiveness of our method by generating dance videos up to 30
seconds long across approximately 25 animal instances across 10 classes—including marmots,
sea otters, hedgehogs, and cats—paired with various songs. These videos represent the
first-ever recorded demonstrations of these animals performing such complex musical dance

routines and will be studied by generations of zoologists.
7.1 Prior work

Music-driven generative dance synthesis. Earlier learning-based approaches developed
neural networks that synthesize human dance motion directly from music input [73, 71, 49, 75,
, 120]. Recent advances have shifted toward diffusion-based methods [97, 69, 129], which
also focus primarily on generating skeletal motions from music. More recently, some works
have begun exploring direct dance video generation using video diffusion models [120, ,
]. However, directly enforcing choreography structure within these frameworks remains
challenging. In addition, these learning-based approaches typically require training data—

an issue in our case, as dance videos featuring animals are extremely scarce.
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Graph-based human dance motion synthesis. In contrast to learning-based approaches,
graph-based frameworks [05, 641, 88, 85, 11] synthesize new motions from an existing dance
motion segments database, and cast the dance synthesis as a graph optimization problem:
finding an optimal path in the constructed motion graph that aligns with the input music.
For example, Kim et al. [65] introduced rhythmic and beat-based constraints to guide the
path search, while more recent work ChoreoMaster [1/1] incorporated richer choreography

rules, requiring not only structural alignment with music but also stylistic compatibility.

Our approach follows this paradigm but differs in key ways. First, instead of relying
on a motion capture database, we take a small set of keyframes of an animal or subject
as input. We augment this set by generating mirrored pose images, creating a complete
keyframe set for dance synthesis. The graph is constructed over these keyframes, and a
video diffusion model is applied to generate realistic in-between frames along the optimized
walk path, producing the final dance video. Second, while basic choreography rules can be
inferred from the musical structure as done in [14], different performers may interpret the
same piece differently. As such, we propose a way to extract choreography patterns directly

from a reference dance video and use it as the control.

Anthropomorphic character animation. Given a reference image, character image ani-
mation, generates videos following a per-frame target human skeletal pose sequence. While
existing methods [17, 48] are primarily designed for human figures, recent work [122] extends
to anthropomorphic characters by learning generalized motion representation. However, it
still favor human-like anatomy, often producing animals with features like elongated limbs
and human-style body proportions. They also struggle to generate high-fidelity videos from
a single image when handling long and diverse sequences, such as a 30-second dance. In
contrast, our method does not rely on per-frame human skeleton pose as guidance and uses
choreography pattern as higher-level control, letting the video diffusion model generate in-
between motions so that the final dance follows the choreographic structure, not human

motion itself.
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7.2 Approach

We begin by generating a small set of keyframes {1, k}kK:_Ol , each depicting the subject, e.g., a
marmot, in different poses while maintaining a consistent background and static camera view
(see Section 7.3.1 for details). Our goal is to synthesize a dance video of the input animal
from the provided keyframes, synchronized to the beats and following the choreography
pattern extracted from a reference dance video.

We first introduce how we extract the choreography pattern directly from a human dance
video in Section 7.2.1. Since motion mirroring is an essential component of dance, we then
present our approach for generating a mirrored pose counterpart for each keyframe to aug-
ment the keyframe set in Section 7.2.2. Finally, in Section 7.2.3, we present how to synthesize

the full dance video using the complete set of keyframes, including mirrored ones, to follow

the choreography pattern.

7.2.1 Choreography Pattern Labeling

Choreography are closely tied to the rhythmic structure of music. In music theory, a beat
is the basic temporal unit, while a bar (or measure) groups a fixed number of beats. The
meter defines how beats are grouped and emphasized within the bar, and is indicated by a
time signature, e.g., 2/4, 3/4, 4/4, where the upper number specifies beats per bar, and the
lower number denotes the note value that receives one beat. In this work, we focus on music
with a 4/4 time signature—each bar contains four quarter note beats—the most common

structure in popular music.

Problem definition. Given a 4/4 music track with a synchronized dance video, we begin by

detecting the beat times B = {to,t1,...,tn_1}, assuming a total of N beats, corresponding

to % bars. Based on the beat times, we construct a sequence of motion segments S =

{S0, 51, - s%_l} where each segment s; spans from beat ty; to beat ty;,,;. Each bar thus

yields two motion segments: one from the first to the second beat, and another from the

third to the fourth beat, aligning with the 4/4 music structure where major movements
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typically begin on accented beats and end on weak ones, whereas transitions occur across
weak-to-accented intervals. The “choreo pattern” labeling task outputs a sequence of labels
L= {ly,l,..., l%ﬂ}, e.q., A-A’-B-C-D-D, where each [; corresponds to motion segment s;.
Distinct motions receive different labels, identical motions share the same one, and mirrored

motions are indicated by prime-labeled counterparts (e.g., A and A’).

Motion segments quantization. We formulate motion segment sequence labeling as a
quantization problem: clustering similar motion segments and assigning each a cluster ID
as its label. Each segment s; of length T; is represented by the SMPL-X [93] pose sequence
recovered from the video: s; = {(6;, € R*>*U+V r, € R%)}[' || where 6, contains per-joint
axis-angle rotation for J = 21 body joints in addition to a joint for global rotation (the 0-th
joint), and 7, denotes the global translation in 3D space.

For clustering, we focus solely on poses—ignoring global translations—to capture distinc-
tive motion patterns. The distance between two SMPL-X poses is defined as the average

geodesic distance across joints:
J
dg(0y,0,) = ZHlog RODTR()||r (7.1)
j=0

where R(67) converts the axis-angle representation of joint j into a rotation matrix. To
account for slight temporal offsets between beats, we compute the distance between two
motion segments using dynamic time warping (DTW), with dy as the local cost metric

between poses. The clustering function C is then defined as:
C(S;DTWCZG,EQ) — {Cl,CQ, ...,Cc} (72)

where UCC:1 C. =S8, with C;NC; = 0, for i # j. Segments within the same cluster satisfy:
DTWy,(s;, sj) < €p, Vsi,s5 € Ce.
Mirrored motion segments detection. After the quantization stage, we identify mirrored
motion segments in two steps.

Mirrored pose clusters. A mirrored joint rotation is defined by reflecting the axis-angle

vector across the sagittal (YZ) plane: F(#) = (w,, —wy, —w,), where #/ = (w,,w,,w.). Then
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a mirrored pose €' is obtained by applying this reflection to each joint after left-right joint

swapping:

07 = F(0™)) forj=0,...,J (7.3)

here m(j) denotes the left-right joint permutation (e.g. swapping left /right arms, legs, and
shoulders), and for central joints (e.g., spine, neck, head), 7(j) = j, so only the reflection is

applied.

Two clusters C, and Cy are considered mirrored if there exists at least one pair of segments
s; € Cq, 8 € Gy, such that the mirrored version of s;, denoted by s; = {922_}3}:0, is similar to
s; under dynamic time warping: DTW,, (s}, s;) < €. The resulting set of mirrored cluster

pairs is: M = {(C,,Cp)| Ts; € Cq, 55 € Cp,, DTWy, (s}, 5;) < €' }.

Mirrored motion directions within a cluster. For clusters without a mirrored counterpart,
we further check whether they can be internally partitioned into two directionally mirrored
groups. We first extract the overall motion direction d; of each motion segment s; using its
global translation: d,, = (% — 72)/||7* — 72|, where 70and 7" denote the segment’s start

and end positions, respectively.

To identify mirrored directions, each motion direction cfsl is reflected across the YZ plane
as CZ = diag([—1, 1, 1])(5; We then perform bipartite matching to find mirror pairs (s;, s;)
that satisfy ||(f’s - ci;j || < eq. If valid pairs are found, we assign all matched segments into
two directionally consistent groups based on their directional similarity. The original cluster
C; is then partitioned into two mirrored subgroups (CY,C}), which are then added to the
mirrored cluster set M.

Finally, we assign a unique label to each cluster. For each mirrored pair (C,,Cp) € M,
we assign a base label [, (e.g. A) to segments in C,, and its mirrored label I, (e.g. A’) to

segments in Cp. Clusters without a mirrored counterpart are assigned a distinct label without

a prime.
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Keyframes set “A photo of [V] marmot dancing with alpine landscape as background.”
Add R |
noise Text Image‘\
e
ControlNet

Train

Inference

Flip+
Composite

Mirrored pose

Background edge Mirrored edge

Figure 7.2: Mirrored pose generation. We fine-tune a text-to-image model with Control-
Net using the canny edges extracted from each keyframe as conditioning. During inference,
mirrored pose images are generated by flipping only the subject edges and using an inpainted

background edge composed from the keyframe set.

7.2.2  Mirrored Pose Image Generation

To augment the keyframe set with mirrored counterparts, we generate visually consistent
keyframe pairs for each input pose. This process (Fig. 7.2) involves fine-tuning a text-
to-image model with ControlNet, generating mirrored edge maps, and re-generating the
original keyframes for consistency. In the end, we get a complete set of consistent keyframes

ZT=Aly,....,Ix_1,1),...,I)_,}, where I} is the mirrored version of Ij.

Fine-tuning. We fine-tune a pretrained text-to-image model on the input keyframes set,
overfitting it to capture the appearance of the specific input subject instance and the back-

ground. To provide structural guidance, we incorporate ControlNet [156] using the canny
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edge maps extracted from the input images as a conditional input. We use the prompt
format: “A photo of [V] [subject class name] dancing [background description].”, where [V]
is a unique token for identifying the subject instance rather than class. The placeholders
[subject class name] and [background description] are replaced with the actual class name of
the subject and background description. For example, “A photo of [V] marmot dancing with

alpine landscape as background.”

Mirrored edge generation. To generate mirrored pose images, We first extract the subject
mask using SAM [68]. We then construct a unified background canny edge map by inpainting
and stitching the background edges from all input keyframes. For each keyframe, we extract
the subject’s edge map and horizontally flip it to create a mirrored subject edge map. This
flipped edge map is then composited with the shared background edge map to generate a
full mirrored edge map. which is used as input to the fine-tuned model to generate the

corresponding mirrored image.

Keyframes re-generation. The original keyframes may contain slight inconsistencies in
the background due to generation instability. Additionally, the fine-tuned model may intro-
duce subtle color shifts during inference. To ensure visual consistency among the augmented
keyframes set, we regenerate the original keyframes using the same model and shared back-

ground edge map (see Fig. 7.3 for an example).

Implementation details. We use FLUX.1-dev and Xlabs-AI/flux-controlnet-canny as the
pretrained text-to-image and controlnet model. We fine-tune them jointly with a LoRA
rank of 16 for 500 epochs, Training on 6 keyframes takes around 90 minutes on a single A100

GPU. Canny edges are extracted using threshold values of (50, 100).

7.2.83  Choreography Pattern Driven Dance Synthesis

Given the augmented keyframe set Z = {ly,...,Ix_1,1}, ..., Ix_1}, where I; denotes the
mirrored counterpart of keyframe I, and the choreography pattern label sequence £ =

{lo, 1y, ..., l%_l}, the goal is to find an optimal walk path P = {1, I,,,..., I,y ,} through
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(a) raw keyframes (b) refined keyframes

Figure 7.3: Improving visual consistency by re-generating keyframes with shared background

edges.

the keyframe set, and the i-th keyframe I, in the path corresponds to the i-th beat. We
then apply video diffusion model to generate in-between frames, finally producing the final

dance video.

Since each label [; corresponds to a motion segment between keyframe pairs (1,,,,, Iy, ),
we cast path planning as a graph optimization, where each node represents a candidate
keyframe pair. The choreography label sequence L specifies assignment constraints: same
labels map to the same pair, distinct labels to distinct pairs, and mirrored labels to mirrored
pairs. The object is to assign each label [; to a node such that these constraints are met

while minimizing the total transition cost along the path.

Keyframe graph construction. We construct the keyframe graph G = (V, F) as a directed
graph, where each node (I, I,) € V, with I, # I, represents an ordered pair of keyframes
from the augmented keyframe set Z. Note (I, I,) # (I, I,). Each node corresponds to a
potential dance segment from I, to I, and each edge (I, I,) = (I, I,) € E, with I, # I,

represents a valid transition between segments.
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To ensure both expressive motion and synthesis feasibility, we filter nodes based on the
average flow magnitude |F'(1,, I,)| from I, to I,, computed over the foreground region of the
subject. We use RAFT [125] to compute the optical flow. Nodes with flow that is too small

or too large are discarded. Only node pairs with acceptable motion range are retained:
V = {([ua [v) ‘ Mlow < |F(Iu>Iv)’ < Mhigh} (74)

To make the synthesized dance smooth and fluid, we define the edge cost between two
nodes as the flow magnitude between the end keyframe of the first node and start one of the
next node: T ((1y, I,) = (I, I)) = |F(1,, I,)|. We prune high-cost transitions by including
only edges with flow below a threshold:

E = {((u, L) = (Iw, L)) | [F'(1y, Lw)| < Muign} (7.5)

We also define a mirroring function p : V' — V over graph node such that two nodes are

mirrored if and only their respective keyframes are mirrored: u((1y,1,)) = (1), 1)).

Graph optimization. We define a node assignment function:¢ : £ — V', which maps each
choreography label [; € L to a graph node (I, ,) € V, forming a walk path through the
keyframe graph. The goal is to find the optimal assignment ¢* that minimizes the total

transition cost across the sequence:

J-2
¢* =argmin > T(¢(L), ¢(li41)) (7.6)
i=0
subject to the following constraints:
=1 < o) =0)), i=1 & o(l) = p(s(l))) (7.7)

To ensure visual variety and avoid redundancy, we introduce two additional constraints:
(1) Different labels cannot map to partially mirrored node pairs—defined as nodes sharing

one keyframe (in any order), with the other keyframes mirrored:

li 7& lj> = (LM [b) ’7’\61 ([C? Id) (78)
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where ¢(l;) = (Lo, Ip), ¢(1;) = (I, 1a).
(2) Consecutive, distinct, and non-mirrored labels must not be assigned to nodes that share

a keyframe, to prevent unnecessary single keyframe repetition.
l; % li+1, l,/L 7£ lfL'Jrl = (Ia # I.NT 7£ Id) (79)

where ¢(lz) = (Iav[b)a ¢(ll+1) = ([Cald>'

7.2.4 Warp to Music

We generate the final dance video by applying a video diffusion model to synthesize in-
between frames along the optimized keyframe walk path P = {I,,, ..., Iy ,}, where
each keyframe I, corresponds to beat position i. Note that since there are motion repetition
in the choreography, we only have to synthesize videos between unique keyframe pairs. In
practice, we use Framer [131], which generates 14 in-between frames, and we assume a fps of
25. To synchronize with the music, we warp the video timeline such that the timing of every
keyframe in P align with the corresponding beat time in the audio. Following the visual
rhythm strategy from [17], we accelerate the warping rate into beat points and decelerate

before and after to preserve beat saliency while ensuring temporal smoothness.
7.3 Experiments

We generate a collection of input keyframe grids featuring approximately 25 animal instances,
some captured as half-body views. The animal classes include marmot, capybara, hedgehog,
meerkat, penguin, sea otter, cat, quokka, beaver and others. We also incorporate characters
such as Flmo. For the video results, we generate dance videos for these instances using
five popular song clips, ranging from 16 to 28 seconds in length, with choreography patterns
extracted from the corresponding YouTube video clips. While we showcase our method using
these examples, it can adapt to any choreography patterns paired with music. Figs. 7.6, 1.5
shows selected examples of the final keyframe pairs assigned for each choreography label,

arranged in the order specified by the choreography pattern.
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7.3.1 Keyframes Generation

We generate initial keyframes set by prompting text-to-image model FLUX to generate an
image grid with consistent keyframes using prompt template like “a 3x2 grid of frames,
showing 6 consecutive frames from a video clip of [...]”. For example, the description prompt
might be “a marmot dancing wildly in the wild alpine landscape, striking a variety of fun and
energetic poses”. The same prompt format can also be used with GPT-40, which supports
even finer specifications. For instance, one can specify: “Generate a grid with 2 rows and 3
columns. Depict a quokka with distinct poses with a wild background. The postures should

”

feel natural for the quokka’s anatomy....”. In all of our results, we use a total of 6 input

keyframes.

7.3.2  Choreography Pattern Labeling

We collect a total of 20 dance video clips featuring various 4/4 music tracks from Youtube and
TikTok, ranging from 12s to 28s in length. To create ground truth, we manually annotate
the choreography pattern label sequence. We then evaluate our method in Section 7.2.1
by comparing our extracted label sequences against the ground truth ones. Beat times are
detected using Librosa, and SMPL-X pose sequences are recovered from the videos using
GVHMR [109]. We set the threshold values as follows: ¢y = 0.21,¢p = 0.25 and ¢; = 0.1.
Specifically, we evaluate two aspects: (1) Clustering accuracy, where each unique label—
including mirrored variants—is treated as a distinct cluster. We assess the clustering results
using standard metrics: Adjusted Rand Index (ARI) and Normalized Mutual Information
(NMI); (2) Mirror detection accuracy, where we compute precision and recall based on the
correctly identified mirrored motion segments pairs.

We report the results in Table 7.1. Our training-free extraction method achieves overall
strong quantization accuracy, effectively differentiating different motion patterns. For mir-
roring, our prediction occasionally misses mirrored pairs, typically in cases where the poses

are symmetrical but exhibit subtle mirroring in head or body orientation. Since our method
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Clustering Mirroring
ARIT NMIT | Prec. T Recallt F11
094  0.98 0.93 091 092

Table 7.1: Evaluation on choreography pattern labeling.

also can output representative motions for each choreography label, users can more easily

visualize the structure and manually correct annotation errors if needed.

7.3.3 Baseline Comparisons

Baselines. A straightforward baseline is music-conditioned video generation, which gener-
ates videos directly from audio and text prompts. However, methods such as MusicInfuser
[45] are trained on human dance videos and typically produce only short clips, e.g., 5s. So
they cannot generalize to long animal dance videos synchronized to the input music. Several
examples are provided in the supplementary videos.

Next we compare our method to human pose driven single image animation method using
Animate-X [122], which animates an input image according to a sequence of human skeleton
poses and works with anthromorphic characters. For each of our generated dance videos, we
extract the pose sequence from the same reference video used to extract the choreography

pattern and use it as the driving sequence for Animate-X.

User study. Since there are no existing long, structured animal dance videos for direct
reference, we conducted a perceptual user study to evaluate the generated dance videos. We
used 40 generated dance video pairs across 5 different songs, and invited 31 participants. Each
participant was presented a random set of 8 pairwise comparisons of our results and Animate-
X. The order of the videos within each pair was randomized. For each pair, participants
were asked to choose which video they judged better on each of four criteria, or select

“similar” if they found no difference: (1) Beat accuracy—are the dances synchronized with
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Beat Accuracy 40.7% 0 Ours is better

‘ Similar

App. & Motion Naturalness 5%
Visual Quality 1%

Motion Fluidity

| | | | '
0% 25% 50% 75% 100%

Figure 7.4: User ratings of our approach compared to Animate-X on various criteria.

the music beats? (2) Appearance & motion naturalness —do the animals’ body proportions
and movements feel natural for them? (3) Visual quality—do the videos have high overall
visual quality (e.g. sharpness, clarity, and fewer artifacts)? (4) Motion fluidity—are the
dance movements smooth and fluid? The responses are shown in Fig. 7.4, and example

qualitative comparisons are shown in Fig. 7.5.

Discussions. While beat accuracy was rated similarly for both methods, participants found
our results more natural-looking for animals and of higher visual fidelity than those from
Animate-X. Specifically, 80.5% of responses rated our videos superior in appearance and
motion naturalness, and 88.5% rated them higher in overall visual quality. Animate-X was

preferred for motion fluidity (59.3%).

These results are in line with the different setups of these two methods. Animate-X
generates animal dances by following fine-grained per-frame human pose sequences, which
naturally leads to human-like figures and dance motions—resulting in more fluid and richer
movement compared to our method. Yet transferring human poses to animal bodies is
inherently difficult: it requires to solve complex correspondence across different body mor-
phologies, and becomes even more challenging when handling the long and diverse pose
sequences of real dances. For example, in Fig. 7.5, Animate-X maps the human arms to
the penguin’s wings, causing the wings to move like human arms; the penguin’s differently

shaped head further introduces blurry artifacts. Our method instead uses choreography pat-
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i i

Animate-X

Qurs

Animate-X

Figure 7.5: Sample frames from both our results (cropped for visualization) and
Animate-X. Top: APT (Youtube [DJz1zlm73HI]); Bottom: Cannt Stop Feeling (Youtube
[xyMBnn3dzdU]) used as the reference dance videos. The red box marks the input image

for Animate-X.

tern as higher-level control, letting the video diffusion model generate in-between motions

so that the final dance follows the intended dance structure rather than fined-grained poses.
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(a) Dance to Uptown Funk following the choreography pattern extracted from Youtube
[U9Zj1BaHO01c| (16.0s to 36.0s): A-A’-A-A’-A-A’-A-A’-B-B’-C-D-E-E’-E-E’.

(b) Dance to Bumblebee following the choreography pattern extracted from Youtube
[Glq7ZgmxE2w]| (15.5s to 45.5s): A-B-A’-B’-C-D-C’-D’-A-B-A’-B’-C-D-C’-D’-E-F-G-G-G-G-H-H-
H’-H’-G-G-G-G-H-H.

Figure 7.6: Selected examples from our generated dances. Keyframe pairs are labeled by the

choreography pattern label, arranged in the order specified by the choreography pattern.



104

7.8.4  User Control

Given the same choreography pattern for the dance, the user can use pose-grid template to
guide the input keyframe poses, control the allowed motion range in the graph, and define

custom constraints during graph optimization.

Pose-grid template control. Given a keyframe pose grid as template, we prompt GPT-40
to generate a new grid in which another animal “mimics” each pose from the original, though
the poses are not expected to be exact same since different animals have different anatomical
structures. This template may come from a previously generated grid (see Fig. 7.7 for an
example) or be extracted from a human dance video by identifying distinct poses. This
provides a way to guide or customize the input poses, which allows to generate dance videos

where different animals dance alike (see supplementary video for examples).

Motion range control. The threshold parameters M., and My control the range of
allowed motion magnitudes between keyframes. A typical setting is My, > 12.0 and
Mhign < 60.0 at resolution 1024 x 576. Within this range, lowering M,,, and increasing
Mhjign introduces more candidate nodes and transitions, potentially resulting in richer and

more expressive dances.

User custom constraints control. During graph optimization, users can specify hard
constraints on node assignments—for instance, enforcing preferred keyframe pair(s) for spe-
cific label(s). Additionally, for some dance, mirrored poses happen at the start and end of
a choreography label. When such mirrored pose pairs are detected for a specific label, we
can enforce corresponding node assignments during optimization. For example, such labels
have to be assigned to nodes (I, I,) where I, = I/, This allows closer alignment with the

reference choreography.



105

7.8.5 Failure Cases

Motion intensity estimation. Within the keyframe graph, we estimate the underlying
motion strength between keyframe pairs using the average flow magnitude. This measure
can be unreliable in certain cases. For example, when two keyframes depict mirrored side
views, the flow fails to capture the true motion complexity between poses. In Fig. 7.8, the
average flow magnitude is 36.81 (image size is 1024 x 576), which appears moderate due to
incorrect correspondences between opposite sides, but the sea otter must rotate from one side
view to the other, and this motion is more complex and sometimes challenging for the video
model to synthesize. Establishing a reliable link between keyframe flow and the generated

motion strength remains an open problem.

Background consistency. As described in Sec. 7.2.2, we re-generate the keyframes with
the fine-tuned model to improve visual consistency in the initial keyframe set using a shared
background Canny edge map which is inpainted from the original keyframes as control.
However, slight background consistency can remain when the original keyframes have shallow
depth of field, which limits the Canny edge extraction. For example, in Fig. 7.9, the grass
background behind the capybara is blurred in the original keyframe, leaving no detectable
edges in that region. As a result, the refined keyframes show slight background inconsistencies
in the grass (see bottom row). However, for scenes with clear and sharp backgrounds, our

method maintains consistency well.

7.4 Discussion

We present a paradigm for generating music-synchronized, choreography-aware animal dance
videos by using choreography pattern as a novel control to impose a structure on the
keyframes input. Our work opens up exciting opportunities for creative and fun applica-
tions of dancing animals in entertainment and social media. Below we discuss limitations

and future works.
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Limitations. We use an offline video diffusion model to generate short motion segments
between keyframes (e.g., 0.5s for a 120 BPM song). The motion can sometimes look un-
realistic: animals may appear to slide or morph between poses rather than moving in a
physically plausible way. This stems from the limitations of current video diffusion models
in producing naturalistic motion for articulated subjects. However, we are optimistic that

these issues can be addressed with continued advances in large-scale video diffusion models,

Future works. To generate more advanced and musically aligned animal dances, two
directions can be explored: (1) dance motion realism: the motions generated by the video
diffusion model may not always reflect plausible or expressive dance motion. Incorporating
priors that favor natural, dance-like movement could improve alignment with musical context.
(2) style compatibility: although our method follows the choreography pattern, it does not
consider musical style. Modeling genre-specific movement characteristics could enhance the

stylistic coherence of generated dances.
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Figure 7.7: Keyframe pose grid mimicking. Top row: A keyframe pose grid template showing
six distinct poses of a capybara. Middle and bottom rows: A meerkat and a hedgehog
mimicking the capybara’s poses, while preserving their own body structure, generated using

GPT-4o0.
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Figure 7.8: Fuailures. The average flow magnitude from left to the right is not large, but the

underlying motion intensity is much higher.
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Figure 7.9: Background inconsistency caused by missing background Canny edges in the
original keyframes. Top row: original keyframes generated by GPT-40. Second row: Canny
edge maps used in generating the refined keyframes. Third row: our refined keyframes.
Bottom row: zoom-in of the top-left corners (red rectangles) of the refined keyframes, high-

lighting slight background inconsistencies where Canny edges are absent.
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Chapter 8
DISCUSSIONS AND CONCLUSIONS

8.1 Forms of control in generative keyframing

Traditional keyframing relies heavily on the creators to design the characters by specifying
control parameters, adjust control points, and tune the interpolation curves for each param-
eter to achieve motion realism and their creative intent, especially when injecting personality
into the created characters. Though generative keyframing extends beyond these paramet-
ric controls by automatically generating realistic motions directly from images, it remains
essential for the generative model to produce content that aligns with the creator’s expres-
sive intent. In other words, control is still necessary for content creation, even in generative

systems.

Prompt engineering. Current state-of-the-art image and video generation models are al-
most always conditioned on text prompts, where user describe the desired content in the
generated image or videos. This naturally leads to the practice of prompt engineering, the
process of crafting and refining instructions to guide Al models, particularly large language
models (LLMs), toward producing the indented outputs. Effective prompt engineering in-
volves a range of techniques, from providing examples (few-shot prompting) to breaking
tasks into steps (chain-of-thought prompting [113]) to writing clear and specific instructions.
For example, in the animal dance generation work in Chapter 7, creators can provide pose
templates to the image generation models such as GPT-40 or Nano Banana', and ask the
model to describe the poses in the template, helping steer the generation toward characters

that follow the desired poses as closely as possible.

Thttps://gemini.google/overview /image-generation/
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Motion trajectory control. Beyond text-based prompting, there are also fined-grained
visual controls that operate directly on image and videos. Such research has primarily
focused on enabling explicit control over elements such as camera motion and subject motion
trajectories in the generated videos. For example, Motion Prompting [32] trains a video
generation model conditioned on spatio-temporally sparse or dense motion trajectories, 7.e.,
point trajectories. Motion Ctrl[112]is designed to independently and effectively manage both
camera and object motion in the generated videos by taking a desired trajectory as input.
Framer [131] provides interactive keyframe interpolation that allows users to customize the

trajectory of selected keypoints.

Model personalization. Another way to steer a generative model toward a desired visual
or motion style is to fine-tune it on a small set of example samples that represent the target
style. For example, the pioneering work Dreambooth [103] introduced a novel fine-tuning
technique that adapts a pretrained text-to-image model using just a few images of a subject,
enabling the model to generate that same subject across diverse prompts. Other works [37]
further explore how to fine-tune base generative models while preserving their generalization

capability, preventing overfitting to the personalized samples.

Timing control. In traditional keyframing, creators control the timing for keyframes based
on the desired motion duration and expressive intent: some transitions are intrinsically short
or intentionally squashed, while others are longer or stretched, depending on the action
and the creator’s goals. In contrast, diffusion-based generative models typically generate a
fixed number of in-between frames. Regardless of whether the input keyframes are close
together or far apart, the model outputs the same fixed-length sequence, which limits the
ability to control motion timing and pacing. Enabling adaptive, duration-aware generative

inbetweening remains an open challenge and a promising direction for future research.

In summary, each form of control comes with its own advantages and limitations. Text

prompting offers high-level semantic control without requiring users to build detailed visual
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inputs. Besides, by using semantics, it also solves the correspondence problem which is
difficult to do for fine grained visual control when dealing with different modalities. For
instance, in the animal pose generation task in Chapter 7, semantic descriptions transfer
poses across different animals and even humans, which is much more effectively than purely
visual controls, as these subjects have very different anatomies. However, text prompting
can be imprecise; for example, models still struggle with attributes like left versus right.
Visual controls, on the other hand, provide much more fine-grained guidance but require
well-designed, user-friendly interfaces for creators to specify trajectories, poses, or other
detailed constraints. Finally, model personalization offers strong control over personalized
styles but requires users to curate training examples and access GPU resources to fine-tune
the model, making it less accessible in practice. Looking ahead, an important direction for

future work is to unify these control modalities into a cohesive and intuitive framework.

8.2 Keyframes for video storytelling

In Chapters 6 and 7, I explored using keyframing for creative applications such as generating
deep zooms and long animal dance videos. With the emergence of advanced models like Veo
3.1? that can already generate several seconds of high-quality video with synchronized audio,
one might ask: what is the role of keyframes in this new landscape?

As in traditional animation, keyframes act as structural anchors that define the essential
poses, compositions of an animation. This allows the creator to break the creation process
into meaningful sub-tasks: designing keyframes, arranging them along a timeline, and pro-
ducing transitions between them. More importantly, despite recent progress, current video
generation models still struggle with long-range temporal consistency, maintaining identity
across shots, and producing coherent multi-shot narratives. They also lack fine control over
pacing, scene composition, and high-level story structure.

Therefore, to generate long videos composed of consistent shots, it remains necessary to

Zhttps://deepmind.google/models/veo/
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generate a coherent set of keyframes to help maintain multi-shot consistency throughout the
video. Keyframes provide the global structure and creative intent that today’s generative

models cannot reliably preserve on their own, especially over extended durations.
8.3 Turning photo album into coherent video

Imagine a situation where we extract random frames at random intervals from a long video,
and this video was captured under a long period of time and thus contains diverse subject
motions, camera motions, lighting changes and so on. These frames are then randomly
shuffled. Could a generative model reconstruct the original video or generate a plausible new
video out of these frames?

This thought experiment mirrors a familiar real world situation, i.e., our photo album:
after a long trip, we often have hundreds even thousands of photos capturing different mo-
ments, places, and events. Together, these images tell a story that could, in principle, be
expressed as a video. This raises an intriguing question: can we automatically synthesize a
coherent video from such unordered photos, essentially creating a personalized travel movie?

Achieving this would require identifying distinct and meaningful images, organizing them
both temporally and semantically, and determining whether smooth transitions between
them are possible—given the motion priors of the generative video inbetweening model being
used. Chapter 7 provides a focused example of this idea, showing how a small set of generated

images can be structurally optimized to form a choreography-aware dance video.
8.4 The inverse process: identifying keyframes from a video

So far, this thesis has examined keyframing for the purpose of editing and creation, where the
specification of keyframes is largely determined by the creator, even in generative settings,
where users can define them through text prompts or other conditioning signals. These
keyframes serve as structural anchors for controlling how a video unfolds.

An intriguing inverse problem is: given an existing video, how can we identify its keyframes?

In this context, the definition of “keyframe” becomes task-dependent. For video understand-
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ing or summarization, keyframes may represent the most informative or semantically rich
frames, where advanced vision language models can help analyze video content and extract
representative moments. For compression or reconstruction, keyframes take on a different
meaning: can we identify the minimum set of frames from which a generative model could
reconstruct the full video? Extending this idea further, one could imagine using generative
models not only to reconstruct but also to reimagine videos from these extracted keyframes,

enabling personalized or creative reinterpretations of existing footage.
8.5 Conclusions

Chapter 4 and 5 explored how generative models can automatically generate in-between tran-
sition frames and even realistic motions. These methods offer new possibilities for reimagin-
ing a wide range of existing video editing and creation workflows that rely on inbetweening.

Chapter 6 and 7 extends keyframing to a broader context and explores creative generative
applications built upon keyframe-based structure. Chapter 6 focuses on deep zoom genera-
tion by generating consistent keyframes across multiple spatial scales. Chapter 7 investigates
choreography-aware, music-synchronized animal dance video generation, which takes a small
set of keyframes generated by an image model as input. Each keyframe represents a distinct
animal pose, and a graph-based optimization determines their optimal temporal ordering
in the final dance video so as to produce a smooth, coherent dance that follows a specified
choreographic pattern.

Together, these contributions advance the frontier of video creation and and open sev-
eral promising avenues for future work. For generative keyframing to be used at broader
scale, developing new forms of control or integrating existing controls remains essential. An-
other important direction is the consistent generation of keyframes to maintain multi-shot
coherence in long-form video generation. Finally, as generative models continue to advance,
they will unlock new creative possibilities and inspire applications that may meaningfully

transform how people create and interact with video content.
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