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Abstract

Modelling human motion is critical for computer vision tasks that aim to perceive human

behaviour. Extending current learning-based approaches to successfully model long-term

motions remains a challenge. Recent works rely on autoregressive methods, in which

motions are modelled sequentially. These methods tend to accumulate errors, and when

applied to typical motion modelling tasks, are limited up to only four seconds. We present

a non-autoregressive framework to represent motion sequences as a set of learned key-

frames without explicit supervision. We explore continuous and discrete generative frame-

works for this task and design a key-framing transformer architecture to distill a motion

sequence into key-frames and their relative placements in time. We validate our learned

key-frame placement approach with a naive uniform placement strategy and further com-

pare key-frame distillation using our transformer architecture with an alternative common

sequence modelling approach. We demonstrate the effectiveness of our method by recon-

structing motions up to 12 seconds.
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Chapter 1

Introduction

Similar to most mammals, human movement gives us agency in our environments. The

complexity of human motion has allowed our species to create comprehensive systems of

nonverbal communication [46, 4] (e.g., American Sign Language and forms of art through

dance) and is a vehicle for conveying emotion during social interactions [42]. Human

movement provides an immensely rich context to images, video, and 3D worlds that cen-

tre around our experiences [39, 53]. Recently, machine learning models that learn from

images and video have achieved high performance in a number of tasks previously con-

sidered challenging [30, 17, 59] e.g., recognition. Since these achievements, a greater

emphasis has been placed on perceiving human behavior by applying similar techniques

to human motion [50, 41, 21].

Toward this goal, researchers have begun to leverage the rich representational capacity

of deep neural networks (DNNs) [18] to model the space of human motion. These models

can be used for improving animation tools for artists through automatic animation comple-
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tion [58], motion planning for autonomous vehicles via predicting pedestrian trajectories

[57], and the generation of realistic avatars for augmented and virtual reality [13].

While progress has been made in these domains, modelling long temporal sequences

continues to be a challenge for DNN approaches. Autoregressive methods, characterized

by sequentially modelling future time steps given the past, typically model only a single

time step at a time. In a common task like motion forecasting, this framework limits us to

modelling motions up to a mere four seconds [15, 38, 35]. This is due to the accumulation

of errors when sequentially sampling from a continuous space conditioned on the previous

sample. At each time step, any errors in previous samples are propagated to successive

time steps. Another commonly occurring phenomena is regression to the mean, which

occurs by construction when assuming the output distribution of future poses is unimodal,

i.e., there is only one possible future. The diversity of plausible future motions means

our underlying data distribution is multi-modal. Therefore our converged solution can

only model a single mode, and seeks to average the many modes of the underlying data

distribution to reduce the training loss.

Handling long temporal motion sequences is also challenging in animation. Motion

capture data is often unstructured with a single subject having up to hours of footage

in a single sample. One difficult job of 3D animators is searching through unstructured

motion capture footage when producing animation for games and film [52]. Once again,

the extended duration of sequences becomes a significant bottleneck in a variety of tasks,

especially when working with pose sequences. Various industrial applications exist for

compressed efficient motion representations, including motion retrieval, where given a

short motion sample, an animator might want to search a database of motions captured

2



from a studio for similar motions to their sample.

With the advent of computer animation supported by software tools and algorithms,

many of the most laborious parts of the animation process have been greatly simplified.

One of these processes is key-framing and interpolation [31]. Production studios typi-

cally animate sequences of frames in a non-sequential, irregular fashion divided into two

major stages. In the first stage, key artists, are first responsible for animating key-frames

that block out the overall intended action of a character in the scene, as well as the rela-

tive timesteps at which they occur. Key-frame’s are placed at irregularly spaced intervals

according to the desired action, which is a principle of animation known as “timing and

spacing” responsible for giving characters a dynamic and life-like feeling.

In traditional 2D animation, key-frames and their relative times were passed to in-

between artists that would be responsible for the laborious task of filling in missing frames

of the motion. More recently, when animating in 3D, animators leverage various interpo-

lation functions to complete the motion that was originally outlined at a coarse temporal

resolution. With the help of these interpolators, the animation sequence is now brought to

the desired frame rate ensuring that the major action-defining frames occur at the specified

times.

In this thesis, we target the challenging task of modelling pose sequences over long

time horizons inspired by the computer-assisted animation pipeline. According to the

commonly modelled durations in previous work, we consider long-term motions to have

any duration beyond four seconds. We show that a key-frame-based motion representa-

tion learned in a completely self-supervised fashion can effectively summarize pose se-

quences through a generative learning framework. We explore discrete and continuous
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latent representations for key-frames, and show the effectiveness of our approach for pose

sequence reconstruction and explore various architecture choices for this task. Without

labelled training data, which is expensive to acquire, we explore architectures for the self-

supervised discovery of key-frames and define a representation of time suited to represent

the learned placements of these key-frames. We also show that a simple linear interpo-

lation scheme provides perceptually reasonable results to fill motions between learned

key-frames. A learned key-frame-based representation of pose sequences presents a myr-

iad of potential downstream benefits. For example, we would be able to represent motion

sequences by only a small fraction of their poses saving memory. Further, we can take

advantage of the learned latent space of our generative model (operating in a temporally

downsampled regime) for tasks like efficient motion retrieval or even long-term motion

prediction without sacrificing multi-modality.

In summary, our contributions are as follows:

• We present a non-autoregressive method for modelling long-term human motions

and demonstrate reconstructing 12 second motion durations.

• We recast the problem of long-term motion modelling by proposing a method to

disentangle motions in terms of key-frames and in-between frames inspired by the

traditional cel animation pipeline, greatly simplifying the extension to downstream

tasks like long-term motion forecasting or retrieval.

• We present both a vector quantized and continuous cross-attention key-framing trans-

former to temporally subsample a motion sequence into key-frames and their place-

ments in time.

4



Empirically, we show that our method outperforms common sequence modelling baselines

for reconstruction trained on MotionSynth [25] and Ubisoft LAFAN1 [22] datasets. We

show that learning to place key-frames more closely models the long-tail component of

the ground truth velocity distribution in comparison to even spacing of key-frames.
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Chapter 2

Background

This section presents the relevant works within generative modelling that lay the foun-

dation for our method. We additionally motivate our approach by discussing adjacent

work that demonstrates the challenging nature of long-term sequence modelling in various

downstream tasks.

2.1 Generative methods

In deep probabilistic generative modelling, the aim is to learn to approximate a data gen-

erating distribution, P (X), from a set of observations, X ∈ RD, from our dataset. If we

effectively learn to approximate P (X), we can perform a few useful tasks. For one, we

can sample new observations thereby generating novel data points that do not exist in the

dataset. Additionally, if the distribution is modelled explicitly, we also gain the ability

to measure the likelihood of new observations we may encounter at inference and reason

about the uncertainty of generated observations for greater interpretability out of the box
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compared to discriminative methods. We can approximate this distribution by constructing

a generative process which we parameterize with a deep neural network.

2.1.1 Variational autoencoders

Latent Variable Models (LVMs) are a class of generative model which allow us to approx-

imate the data generating distribution, and can be parameterized with a deep neural net-

work. The motivation behind LVMs is the manifold hypothesis, which posits that within

the high-dimensional space of data, such as the space of natural images, there exists a

lower dimensional manifold in which the relevant data points lie. For example, in the case

of RGB images of size 256 × 256, the image space D is 255256×256×3. However, a large

portion of this space likely does not contain perceptually relevant information. LVMs try

to capture this lower dimensional latent manifold. Variational Autoencoders [28] are a

type of LVM where the generative process is constructed in terms of some latent variable,

z ∈ RK , where K < D and the data distribution is factored as p(x, z) = p(x|z)p(z).

Given that we only have access to our observations, x, we marginalize out the latent vari-

able according to

p(x) =

∫
p(x|z)p(z)dz. (2.1)

With Monte Carlo sampling, we could in theory sample many latents, z, from our prior,

p(z), to approximate the expectation of this distribution. However, as the dimensionality

of z increases, the amount of samples needed to cover the space increases exponentially

due to the curse of dimensionality. When learning a lower dimensional manifold of a high
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dimensional space such as natural images, the size of z is still large enough such that this

issue arises. One solution to this problem is variational inference, where the logarithm of

the marginal likelihood is approximated using an amortized variational posterior giving

the following lower bound on our likelihood:

ln p(x) ≥ Ez∼qϕ(z|x) [ln pθ(x|z)]− Ez∼qϕ(z|x) [ln qϕ(z|x)− ln p(z)] , (2.2)

where the first term on the right-hand side of the equation represents the reconstruction

objective “decoding” the observation from a latent z encoded using our approximate pos-

terior in a stochastic manner, and the second term represents the Kullback-Leibler (KL)

divergence between the approximate posterior and our prior latent distribution. In prac-

tice, our approximate posterior and decoder are parameterized using neural networks with

weights θ and ϕ, respectively, and the choice of prior is often Gaussian.

2.1.2 Vector quantized variational autoencoders

Until recently, most generative modelling methods focused on learning a continuous ap-

proximation of the data-generating distribution. Intuitively, many common data modalities

are continuous making the choice sensible. However, consider the way we tend to think

abstractly about the world as a whole. This is done mainly in a compositional manner,

using discrete symbols, like language and object-level reasoning. This is demonstrated

by the way we use language to describe images. Language is fundamentally discrete,

we string together words to represent various phenomena allowing us to think abstractly.

Perhaps learning to represent the data distribution in a discrete formulation can provide

8



downstream benefits for complex reasoning, planning and prediction in a compositional

fashion.

Van Den Oord et al. [48] introduced an extension of variational autoencoders that re-

places the continuous Gaussian prior with a discrete learned dictionary/codebook to rep-

resent our latent variable, z. This formulation, dubbed Vector Quantized Variational Au-

toencoders (VQ-VAE), provides a few immediate benefits. For one the common issue of

posterior collapse, in which the latent variable is ignored is now circumvented in the ab-

sence of the Gaussian prior. Instead, we opt for a prior and posterior that index a finite,

discrete dictionary. Additionally, enforcing a finite dictionary can simplify the learning

process. With a finite representational capacity in the latent space, the network is forced

to encode the most relevant high-level information, instead of modelling local low-level

imperceptible details. Once the discrete latent dictionary is learned, we can learn a prior

over the discrete latent variables for downstream compositional tasks.

The VQ-VAE is implemented using a traditional autoencoding framework, where an

encoder maps an input observation, x, into an initial continuous latent representation, ze.

The latent embedding space, e ∈ RK×D, can be thought of as a dictionary or codebook

with K vectors each with dimensionality D. The discrete latent representation, zq, for

a given input, x, is then computed using a simple nearest neighbour search along the

dictionary for the closest entries, ej ∈ 1, . . . , K, for every zie for i ∈ 1, . . . , C, where C is

the number of discrete pieces that the zq is composed of. The nearest neighbour search is

defined as follows:

z(i)q = ek where k = arg min
j

∥∥z(i)e − ej
∥∥
2
. (2.3)
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Since the selection process is non-differentiable, during backpropagation the gradients

from the decoder input, zq, are copied through to the encoder output, ze, through stop

gradients [7], denoted as sg []. The codebook entries, e, are updated via vector quantization

which uses the l2 distance measure to move codebook entries, e, towards the encoder

outputs, ze, during training. The final objective then becomes

L = log p (x|zq) + ∥sg [ze]− e∥2 + β ∥ze − sg [e]∥2 , (2.4)

where β is a scalar weight to enforce ze to be closer to the codebook entries, e. The

leftmost term represents the reconstruction objective of the decoder, while the codebook

is optimized according to the middle term.

2.2 Sequence modelling with deep neural networks

The representational capabilities of DNNs have been shown to achieve promising results

in a variety of tasks in computer vision, such as recognition, classification, and generation.

Vanilla feed-forward multilayer perceptrons struggle when modelling modalities with a

sequential structure. Specifically, they are limited to fixed-length input and output sizes, do

not explicitly model sequential dependencies, and do not have a mechanism for retaining

memory. Extending DNN capabilities to sequential data continues to be an active area of

research, with the following architectures exploiting various inductive biases relevant to

sequences.

10



2.2.1 Recurrent neural networks

One of the most popular approaches for sequence modelling is the use of recurrent neural

networks [44], initially developed to include a notion of persistence to hidden representa-

tions and handle variable sequence lengths. The key idea is to leverage parameter sharing

to apply the same model iteratively to each data point while maintaining a notion of re-

currence. RNNs implement recurrence by having the output of the model at the current

timestep be a function of the output or hidden state from the previous timestep. The hidden

state at the current timestep, h(t), and output, o(t), is computed given the input, x(t), in the

forward pass from t = 1 to t = τ as follows:

h(t) = tanh
(
b+Wh(t−1) +Ux(t)

)
(2.5)

o(t) = c+Vh(t) (2.6)

ŷ(t) = softmax
(
o(t)

)
, (2.7)

where ŷ(t) are the probabilities over the output, o(t), and W, U, and V are learned weights

which are persistent across timesteps. In this instance, the recurrence is implemented via

the hidden state being a function of the previous timestep’s hidden state. According to this

formulation, the hidden state encodes information about previous timesteps, but its fixed

capacity makes it challenging to represent long-term correlations. Furthermore, RNNs

are prone to vanishing and exploding gradients during training since the gradients at early

layers in the unrolled network are computed by repeatedly multiplying partial derivatives

of the same set of weights across each timestep. As a result, training can become increas-
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Figure 2.1: An unrolled RNN cell. At each timestep a hidden state ht (Red) is computed
according to Eq. 2.5 given a data point xt (Blue) and the previous timesteps hidden state
ht−1. The output ot (Green) is then computed according to Eq. 2.7. The hidden state learns
to preserve temporal context from previous timesteps, but the length of this context may
be rather limited.

ingly unstable as we increase the number of modelled timesteps. Since the success of the

vanilla RNN, various extensions have been developed that build on and further improve

recurrence schemes for more successful long-term modelling, including Gated Recurrent

Units (GRU) [20], and Long Short Term Memory (LSTM) [23]. This is accomplished

through the addition of extra computational units, such as gating mechanisms which im-

prove gradient stability and encourage modelling longer-range dependencies by selectively

determining what information to retain or discard at each timestep.

2.2.2 Convolutional neural networks

At a high level, Convolutional Neural Networks (CNNs) [32] for images are a cross-

correlation between images and a series of learnable 2D filters whose weights are up-

dated via gradient descent. The intuition is that the learned filters across layers reveal the

12



Convolution ConvolutionReLU Max Pooling ReLU Fully-connected 

...

Figure 2.2: An example 1D CNN architecture for classifying a temporal signal. The tem-
poral signal (Blue) X1...T undergoes a series of operations, including convolutions with
learned filters, max pooling, and non-linearities. The number of channels in the response
is determined by the number of 1D filters that are applied at the layer. Each successive
convolution operation produces activations with a greater receptive field, meaning the ker-
nel operates over a larger temporal context at later layers.

underlying hierarchical features that represent an image. Specifically, they leverage the

inductive bias of local pixel neighbourhoods roughly the size of the kernel having rele-

vant and related semantic information. At earlier layers, the cross-correlation between 2D

filters and local pixel neighbourhoods reveals low-level features, such as edges and lines.

These features hierarchically compose more complex features, like objects, at later layers

as the receptive field of the activations from the cross-correlation grows.

For sequential data, a simple extension of this approach is the 1D convolution over tem-

poral signals. The cross-correlation is now computed over a single dimension instead of

two. Similar to the 2D case, the 1D convolutional filters learn to recognize local temporal

features contextualized over the temporal window defined by the length of the kernel. As

the temporal receptive field grows per layer, the cross-correlation captures larger temporal

contexts and hierarchical features.

13



2.2.3 Transformers

A popular task in sequence modelling is machine translation. When translating between

two different languages, it is common for the placement of associated nouns, pronouns,

adjectives and even sequence length to differ between languages. The computational def-

inition of attention [5] was initially introduced to handle this challenging domain by pro-

viding a novel way to quantify the association between tokens in different sequences ir-

respective of their placement or sequence length. Vaswani et al. [49] take this notion a

step forward developing the well-known transformer architecture to be an attention-only

sequence modelling method without convolutions or recurrence layers.

Self-attention. The attention mechanism can be more intuitively understood from the

lens of retrieval systems. Given key and value pairs from a database, queries are used to

compute relevancy against keys in our database, finally returning the value of the most

relevant item in our database. In the attention mechanism, our input tokens X ∈ RT×d

are linearly projected to create our query tokens, Q ∈ RT×cq , where T is the sequence

length, d is the embedding dimension, and cq is the channel dimension of the queries.

The relevancy score is then computed via dot product with key tokens, K ∈ RT×cq , also

projections of the input tokens to a common space. The normalized relevance scores of any

given query token against all other key tokens are now used to weight our value tokens,

V ∈ RT×cv , where cv is the embedding dimension of the value tokens. This tells us

what tokens in the input sequence are particularly relevant or “attend” to said query token.

Typically cq and cv are the same size. The operations are as follows

14



Heads

matmul

scale

matmul

concat

...Inputs: 

Figure 2.3: A multi-head attention block implemented in the transformer architecture. The
input motion X1:T is projected into a common space by WQ, WK and WV . This gives the
queries, keys, and value tokens Q, K, and V, respectively. Relevance scores are computed
between all queries and keys via matrix multiplication. The scores are multiplied against
V to determine the value tokens that most closely correlate to the given query tokens. This
computation is done independently across the number of heads, and finally combined and
projected with another set of learned weights WO.

15



Q = X ·WQ

K = X ·WK

V = X ·WV ,

(2.8)

where W{Q,K} ∈ Rd×cq and WV ∈ Rd×cv are learned weight matrices used to project our

input tokens X to a common space. The full-attention operation is given by

Attention =
softmax

(
QK⊤)

√
dk

V. (2.9)

In the traditional transformer architecture, the attention framework is extended to be hi-

erarchical and multi-stream. Each layer may compute multiple attention operations in-

dependently depending on the number of attention “heads” that are defined per layer, as

shown in Fig. 2.3. Each attention head can be thought of as a new stream with different

independent weights for linearly projecting the query, key, and value tokens. The trans-

former block is then implemented by alternating multi-head attention blocks and linear

layers with residual connections in between, as shown in Fig. 2.4.

Cross-attention. In its current formulation, multi-head self-attention lets us determine

the soft relevance of tokens within a sequence with respect to other tokens within the

same sequence. There are many situations where we may want to determine how one

sequence of tokens may “attend” to a completely different sequence of tokens of a different

modality and sequence length. A simple extension of self-attention for this purpose is

cross-attention, as visualized in Fig. 2.5. Cross-attention is equivalent to self-attention

when the sequence lengths of both signals are the same.
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Embedding

Positional Encoding

Multi-Head Attention

Add and Normalize

Add and Normalize

Feed - Forward

...Inputs: 

Figure 2.4: The series of operations that comprise a transformer block. The transformer
architecture is a sequence modelling approach based on the attention mechanism without
any notion of recurrence or convolutions. Given an input sequence, X1:T , the sequence is
first passed through an embedding layer, which is implemented as a multi-layer perceptron
(MLP). The embedded sequence is then positionally encoded by a series of alternating
sinusoidal functions of increasing frequency. This gives each token a unique encoding of
its relative position in the full sequence. The encoded sequence is then passed through the
multi-head attention block and an MLP. The number of tokens output from the final MLP
is the same as the number of input tokens.
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Figure 2.5: An example cross-attention operation between two sequences, X1 and X2.
Cross-attention is an extension of self-attention that computes attention weights between
sequences of different modalities that may have different dimensionality and sequence
length. The overall computation is equivalent to self-attention when both sequences have
the same length. Here, N and M are the length and C1, C2 the dimensionality of the two
sequences X1 and X2, respectively. The queries are computed from X1 while the keys and
values are computed from X2. To compute attention between two different sequences, the
dimensionality between the learned weights WQ and WK remain the same.
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2.3 Related work

To motivate our key-frame based representation for pose sequences, we present relevant

adjacent work in tasks like motion forecasting to demonstrate the challenging nature of

extending to long-term pose sequences. Specifically, these works consider long-term mo-

tions to be up to four seconds, and short-term to be one second or less. Our approach,

which includes a discrete latent key-frame representation is naturally suited to extend to

these challenging downstream tasks while preserving key qualities like multi-modality.

2.3.1 Unimodal motion forecasting

Previously, most efforts in this domain [10, 2, 19, 51] approached human motion forecast-

ing as a sequence modelling task. Therefore, most of these methods use RNNs to predict a

single motion at a time, given a past motion sequence. These early efforts were successful

in predicting sequences up to just one or two seconds depending on the frame rate of the

captured motions. While the resulting predictions were perceptually reasonable, they do

not fully capture the underlying uncertainty of human motion. Given a past motion se-

quence, there is rarely a single plausible motion sequence, but multiple plausible motion

futures. Due to the underlying assumption that future poses are sampled from a unimodal

distribution, the converged solution of many of these works predict the average of possible

motion futures [38, 15] from the constraint of seeking a single mode due to the multivariate

Gaussian distributed output. Methods based on recurrent networks are also fundamentally

bottlenecked by the fixed capacity of the recurrent hidden state, causing them to struggle

with modelling longer-range dependencies necessary to predict longer motion sequences.
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Error drift is also very common, as predicted poses are fed back as input to predict the

following timesteps, small errors/noise tend to accumulate until complete deterioration.

2.3.2 Multi-modal motion forecasting

More recently, an emphasis has been placed on learning the stochastic nature of human

motion [3, 6, 37, 55, 56], modelling the inherent uncertainty using techniques from gen-

erative modelling. Specifically, to address diversity when randomly sampling the latent

prior of a pre-trained generative model, Yuan et al. [56] introduce a novel sampling strat-

egy based on a set of learnable latent mapping functions. While this approach significantly

improves diversity for generative sampling, they are still limited to short-term motion pre-

diction of only 100 frames due to error accumulation and drift.

Mao et al. [37] approach the sample diversity issue by learning a separate latent rep-

resentation of motion for the upper and lower body. To generate diverse future motion

sequences, they first sample latent codes from the lower body model, and conditionally

synthesize associated upper body motions per lower body latent sample. Again, they limit

the duration of the predicted motion to between 60 and 100 frames amounting to about

two seconds of motion.

While we do not explore motion forecasting directly in this thesis, our architecture is

designed and motivated with the challenging downstream task of motion forecasting in

mind. Specifically, we aim to design a flexible temporally compressed human locomotion

model to eliminate the need for autoregressive methods and overcome their shortcomings

for long-term sequences. By doing so our model for human locomotion could be utilized

for downstream tasks that handle multi-modal long-term motion sequences.
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2.3.3 Long-term motion forecasting

While there is no explicitly defined duration considered “long-term”, based on the dura-

tions modelled in recent work, we consider it anything beyond four seconds. A few works

have attempted to address long-term forecasting for human motion modelling by rethink-

ing the sequential modelling framework [35, 12, 36]. The closest to key-framing is Diller

et al. [12], who recast the problem in terms of only predicting what they define as “charac-

teristic poses” which are only the critical poses that outline an action or a person’s intent.

By only predicting characteristic poses, they effectively decouple poses from time, instead

generating poses in a goal-oriented fashion. While in essence these characteristic poses

can be used to generate key-frame poses, they are generated in an iterative autoregressive

fashion in a continuous space which can still be prone to error accumulation. Training

such a model also requires an extra data labelling task to note the characteristic poses in

the dataset, opening an avenue for possible human error. Ultimately our approach does

not require novel data labelling and the network itself learns the placement of keyframes

in an unsupervised fashion. Lastly, it is unclear how these characteristic poses can be used

to synthesize full motion sequences when they are decoupled from time.

Lucas et al. [36] move away from continuous latent generative models in favour of

learning a discretized latent representation through the adoption of vector-quantized varia-

tional autoencoders. This class of discrete generative models has recently shown promise

in modelling image space through discrete tokens. Through a latent codebook learned

by reconstructing images, new images can be sampled autoregressively from codebook

indices directly via a separately trained network. For the task of long-term motion pre-

diction, sampling codebook indices instead of a continuous latent representation prevents
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noisy out-of-distribution samples allowing long-term predictions of up to 300 frames or

about 10 seconds. However, they still rely on a fundamentally autoregressive architecture,

sampling only one timestep at a time. While our key-frame based pose representation

also builds on vector quantization to prevent drift, we also learn to decompose motions

in terms of key-frames. This means downstream tasks that leverage our quantized motion

representation would only need to sample a key-frame number of quantized latents which

can be achieved without the need for autoregressive methods.

2.3.4 Human motion synthesis

Synthesizing human motion directly from modalities like text and video can be a useful

tool for animation and a core component of augmented and virtual reality. Thus, a paral-

lel direction of research aims to conditionally synthesize motion according to other data

modalities, like action descriptions [11, 21, 1], video [29], music [33, 34] and more. In

these works, the diversity of synthesized motion samples is again the primary interest of re-

cent literature [16], and the duration of resulting synthesized motions is once again limited

to mere seconds. The exception is methods that extract 3D poses directly from video [29].

Here, the extra modality can serve as a strong additional signal for conditional synthesis

avoiding the need for long-term correlations to be learned directly from predicted poses.

These adjacent tasks could benefit from our key-frame representation of pose sequences.

Through latent key-frames, we reduce the computational burden of learning correlations

between modalities by representing a longer motion sequence by a fraction of the orig-

inal number of frames. Additionally, in our discrete generative formulation, sampling

the codebook conditioned on a signal from a different modality can preserve a notion of
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stochasticity in the synthesized motions.

2.4 Summary

In this chapter we presented relevant concepts in generative modelling, including varia-

tional autoencoders and their vector quantized counterparts, that form the foundation for

our learned key-framing method. We also reviewed two common learning-based sequence

modelling methods, recurrent neural networks and 1D convolutional neural networks, that

have been used in related work to model human motion. We motivated the problem of

long-term human motion modelling in the context of related downstream tasks, including

motion forecasting and conditional motion synthesis. In these contexts, motion sequences

are typically modelled autoregressively and can suffer from regression to the mean and

error accumulation. In both instances, the durations of modelled motions are often limited

to only four seconds. While we do not directly address these tasks in this thesis, our key-

framing approach is motivated by the idea of learning a temporally compressed motion

representation for these downstream tasks. Rather than rely on single time step autore-

gressive modelling for forecasting motions or multi-modal synthesis, we can instead learn

these tasks in the space of learned latent key-frames and naturally extend to long-term

motions.
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Chapter 3

Technical Approach

In this chapter, we suggest that the core principles of animation, key-framing and inter-

polation, have a natural extension to sequence modelling using a two-stage generative

framework that closely resembles the two-stage key-frame animation pipeline. In the first

stage, we learn a latent motion representation of key-frame poses. We explore two dif-

ferent methods to accomplish this, one based on continuous autoencoding and the other

based on learning a discrete library of key-frame poses. Additionally, we learn to predict

their relative timestamps in an unsupervised fashion all within the proxy task of motion

reconstruction. In the second stage, once key-frames are generated, we mimic the role of

an in-between artist through the use of interpolation mechanisms in pose space.

3.1 Latent key-frames

To translate key-frame based animation principles to generate motion representations, we

must first find an effective representation of key-frames. Inspired by real-time character

24



animation, where motion libraries for character control are common, we learn a discretized

codebook of key-frames. We look to the recent success of discrete generative models, like

Vector Quantized Variational Autoencoders (VQ-VAE) [48], that learn a latent represen-

tation encoded into a discrete codebook. Through such a representation, we can learn to

summarize key poses within the entries of the codebook and sample these entries to com-

pose a single pose or a sequence of poses that cover motion space, similar to the motion

libraries in Holden et al. [26]. Additionally, we explore a non-quantized approach where

our learned key-frames are represented by continuous latent vectors following traditional

vanilla autoencoding.

Given a set of T motion observations, X1:T = (x1, x2, · · · , xT ), where xi ∈ RJ×6 and

J is the number of joints, we learn an encoding network, E, to temporally downsample

the motion sequence to a continuous latent representation,

ze,∆t̂KF = E (X1:T ) , (3.1)

where ∆t̂KF ∈ RKF is our encoded one-dimensional representation of key-frame place-

ment in time and KF is the temporal downsampling of the original sequence length T to

the number of key-frames we choose to use, ze = (z
(1)
e , z

(2)
e , · · · , z(KF)

e ) and z
(i)
e ∈ Rc

with c the channel size. In our continuous autoencoding approach for representing latent

key-frames, the continuous latents ze and ∆t̂KF are now passed directly to the decoder, D.
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3.1.1 Latent pose quantization

In our VQ approach, a quantization operator, q (·), maps each latent, z(i)e , to the closest

entry in the codebook according to

zq = q (ze) . (3.2)

More specifically, the quantization of an individual continuous latent vector, z(i)e , by our

operator, q (·), can be thought of as finding the index, s(i), of the codebook with the closest

corresponding entry:

s(i) = arg min
j

∥∥z(i)e − ej
∥∥
2
. (3.3)

As the latent space is now represented as a series of fixed discrete codebook entries, an

alternate equivalent way to represent zq is as a set of integers, S =
(
s(1), s(2), · · · , s(KF)

)
,

such that
{
s(i) ∈ Z | 1 ≤ s(i) < K

}
, where K is the number of codebook entries. The

quantized latent vector, z(i)q , can then be constructed according to:

z(i)q = es(i) , (3.4)

where es(i) is the selected codebook entry at index s(i) that is closest to the continuous

latent entry, z(i)e .

Furthermore, sampling this discrete space reduces error accumulation as each discrete

entry is more likely to be in distribution compared to random samples of a continuous

space [36]. This is highly beneficial for further avoiding drift common for previous long-

term human motion forecasting methods [36].
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Figure 3.1: Voronoi tesselation depicting an example discretization of the continuous la-
tent space, ze, in two dimensions. Blue points represent learned codebook entries, z(i)q .
Grey points represent examples of continuous latents, z(i)e , produced by our encoding of
the motion sequence, E(X1:T ). The full discrete latent, zq, is constructed by sampling the
corresponding closest discrete entries for each z

(i)
e for i ∈ 1, 2, · · · ,KF .
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3.2 Irregular key-framing

Now that poses can be efficiently represented as either a discretized codebook or continu-

ous latents that represent individual poses or short pose sequences according to the choice

of temporal downsampling factor, the question becomes how to naturally discover the key-

frame structure of human motion, including the distance between frames in a completely

unsupervised fashion. We choose to take advantage of the fact that many interpolation

methods, including Spherical Interpolation (SLERP), are differentiable. Therefore, we

can recast the traditional task of VAE-based reconstruction into a summarization task in

which we only reconstruct a subset of the total frames of the original signal i.e., only the

key-frames. Along with the key-frames themselves, we also predict the associated relative

time-elapsed between all adjacent key-frames. This is all achieved in the decoding stage

according to:

X̂KF ,∆tlogits
KF = D

(
q (E (X1:T )) ,∆t̂KF

)
, (3.5)

where D is our decoder network, ∆tlogits
KF is a one-dimensional sequence of logits of length

KF − 1 representing the relative spacing of each key-frame from the previous key-frame,

and X̂KF are the reconstructed key-frames in pose space. In the continuous autoencoding

case, the decoding process is the same apart from the quantization operator, q (·).

We choose to use a continuous representation of time between t = 0 and t = 1 to

represent the beginning and end of a full motion sequence. To ensure our key-frame time

stamps sum to one and are strictly increasing, we choose to predict the elapsed time per

key-frame and feed the logits from our decoder through a softmax:
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∆tKF = softmax
(
∆tlogits

KF

)
. (3.6)

The absolute times of each key-frame can then be computed through a cumulative sum

according to:

t
(i)
KF =

KF∑
i=1

∆t
(i)
KF . (3.7)

In the first stage, the network is now encouraged to learn to accomplish two things

to lower the reconstruction error. First, summarize the input motion sequence in terms

of a fraction of the original frames. These frames are synthesized according to either a

discrete compositional or continuous latent motion library and key-frame poses should be

“characteristic” of the overall action. Since we output key-frame poses alone, our latent

motion library only describes characteristic key poses of the learned motion space, instead

of all plausible poses available in the dataset if we were directly reconstructing the en-

tire sequence. Second, determine the elapsed time between key-frames, which ultimately

determines where there will be variations in velocity in the output motion relating to the

principle of “timing and spacing” in traditional animation.

We notice experimentally that our formulation for key-frame time can become unstable

early in training. Specifically, the elapsed-time between key-frames can go to zero between

some key-frames creating a local minima where the network can no longer produce an

elapsed-time above zero at said key-frame. To stabilize the elapsed-time post initialization,

we choose to employ entropy regularization on the elapsed-time softmax distribution,
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H (∆tKF) = −
KF−1∑
i=1

p
(
∆t

(i)
KF

)
log p

(
∆t

(i)
KF

)
. (3.8)

This way, at the start of training, the network learns to effectively represent key-frames

as if they were evenly spaced with each other. Over time, the regularization weight is

decayed and the network can place key-frames more freely.

Given key-frames and their associated elapsed times, we can simply interpolate the

key-frames to the final desired frame rate. For our experiments, we choose a linear inter-

polator like SLERP, although more sophisticated schemes are possible, including learned

ones. Two quaternions, q1 and q2, can be interpolated by an arc length, u, by

SLERP (q1, q2, u) =
sin (1− u)

θ
q1 +

sin (uθ)

sin θ
q2. (3.9)

The reconstructed motion sequence of length T is interpolated as follows:

X̂1:T = SLERP
(
X̂KF , tKF

)
. (3.10)

The details of our SLERP function extended to irregular spacing are discussed in the ap-

pendix.

The final VQ-VAE summary-based reconstruction objective then becomes

L =
∥∥∥X̂1:T −X1:T

∥∥∥2

+ ∥sg [E (X1:T )]− zq∥22+

β ∥E (X1:T )− sg [zq]∥22 + λH (∆tKF) .

(3.11)

Due to the quantization process being non-differentiable, the VQ-VAE objective involves

the use of stop gradients, denoted as sg [], such that gradients from the decoder are copied
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over the encoder. The first term represents the likelihood term, log p (X1:T | zq), and the

codebook entries are optimized by the middle term. The second last term ensures the con-

tinuous latent, ze, is close enough to entries in the codebook. For our alternative continuous

autoencoding approach, the loss objective is simply the reconstruction term summed with

the entropy regularization term:

L =
∥∥∥X̂1:T −X1:T

∥∥∥2

+ λH (∆tKF) , (3.12)

which corresponds to the first and last terms in Eq. 3.11.

3.3 Temporal subsampling with transformers

The question now is how we learn to effectively decompose a full motion sequence into its

constituent key-frames. In essence, our goal is to temporally subsample pose sequences

to a pre-defined number of relevant poses. When naively using existing popular sequence

modelling architectures, like 1D CNNs, there is not an obvious way to output the desired

number of key-frames apart from adjusting hyperparameters, like kernel size, stride, and

padding or pooling. Even with this approach, the captured temporal window for any given

token in our sequence may be shallow depending on the size of the receptive field at a

given layer. For the task of key-framing, any given key-frame may only be reconstructed

according to its immediate neighbours. Depending on the complexity of the motion, con-

sidering the entire sequence could produce more optimal placements, especially due to

our choice of softmax, any allocation of space between a pair of key-frames in one part of

the motion results in less space between allocated between some other pair of key-frames
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somewhere else in the sequence.

From this perspective, recent advances in attention mechanisms and transformers have

useful properties that naturally handle this scenario. By definition, self-attention naturally

“attends” to the full sequence at every layer, but the number of tokens output at every

layer remains the same. To temporally subsample our full sequence while maintaining a

global temporal context we can leverage cross-attention, visualized in Fig. 2.5, in tandem

with self-attention. Initially introduced by Vaswani et al. [49], cross-attention is most

commonly used to generate attention maps across signals from different modalities which

often contain different sequence lengths. For our use case, we can apply cross-attention

across our full sequence and a learned set of query tokens [9, 27]. The number of query

tokens is equivalent to the number of key-frames we wish to learn.

The keys and values to our first cross-attention block is the input motion sequence

whose channel dimension has been encoded by a feed-forward layer. Our first cross-

attention block subsamples the full sequence (the keys and values), the output is then a

key-frame number of poses. The following self-attention block globally contextualizes

these resulting key-frames. Each successive self-attention block operates on our learned

key-frames while the following cross-attention blocks now take our latent key-frames from

our self-attention layer as queries, and the full input sequence as the keys and values. By

alternating cross-attention and self-attention blocks within our key-framing transformer

architecture, we effectively maintain a global temporal context while sub-sampling to our

defined set of key-frames. This can be viewed as iterative sampling and refining sets of

key-frames against our full sequence.

Our decoding stage is simply a 1D CNN decoder that takes as input our latent key-
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frames, zq, in our discrete formulation or ze, in the continuous autoencoding case. The

outputs are the reconstructed key-frames in pose space, X̂KF , and the associated elapsed-

time logits, ∆tlogits
KF . The complete motion sequence is then interpolated via SLERP. Our

complete architecture is visualized in Fig. 3.2.

3.4 Summary

This chapter presented a method for reconstructing long-term motion sequences, which

are defined as motions with durations beyond four seconds. Our approach circumvents

the need for autoregressive methods by decomposing pose sequences into a series of key-

frames and their associated placements in time. We explored a latent key-frame repre-

sentation learned in a discrete latent codebook based on the VQ-VAE architecture [48] as

well as learned via vanilla autoencoding. Key-frames are discovered in our cross-attention

transformer architecture through the use of alternating cross-attention and self-attention

blocks. Our first cross-attention block has a key-frame number of learnable query tokens

which attend over the entire input sequence. This has the effect of temporally subsampling

the original motion into a key-frame number of poses. Each successive cross-attention

block then recontextualizes our key-frames against the original motion sequence while the

successive self-attention block attends globally across selected key-frames. The complete

reconstructed motion is then linearly interpolated to fill in missing in-between frames ac-

cording to the decoded key-frames and their learned placements.
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Figure 3.2: Key-framing transformer architecture. Our VQ-based framework for unsu-
pervised key-frame discovery uses a transformer based architecture that alternates self-
attention and cross-attention blocks. Starting with a learnable set of query tokens initial-
ized randomly, the first cross-attention block can be viewed as learning to sub-sample the
full motion sequence for only the most relevant key-frames. The output being a key-frame
number of tokens that get recontexualized globally by the following self-attention block.
In our discretized latent formulation, we then quantize the latent key-frame poses and ul-
timately decode them with a 1D CNN decoder that gives the key-frame poses and their
placements. In the continuous case, latent key-frame poses are passed directly to the 1D
CNN decoder.
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Chapter 4

Experimental Evaluation

To validate our approach, we construct multiple baselines for both qualitative and quan-

titative comparisons. There are few directly related works that try to learn to summarize

key-frames in a purely self-supervised fashion, those that do learn key-frame based rep-

resentations require manually labelled ground truth [12]. The purpose of our approach

is to determine if we can discover key-frames in the absence of explicit supervision. We

therefore construct baselines that are naturally suited to validate our method.

4.1 Baselines

There are three primary axes of comparison which we use to better understand the efficacy

of our key-framing transformer approach. The first is to understand the benefits of our use

of attention, which we determine by implementing our learned key-framing scheme within

an alternative sequence modelling architecture, the 1D CNN. Our 1D CNN baseline most

closely resembles Holden et al. [24], one of the first works to learn a motion manifold with
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variational autoencoders. The second is to compare the use of discrete versus continuous

latent key-frames, which we explore within our proposed transformer architecture. The

last is to determine how well our learned key-frame placements are by comparing them

against the same set of models trained with key-frames placed regularly spaced apart. In

each scenario we keep the relevant hyperparameters consistent as presented in the ap-

pendix.

We also evaluate our method by reconstructing sequences longer than the traditional

one to four second intervals with varying numbers of key-frames, which we leave as a

hyperparameter. We refer to the number of key-frames used to reconstruct the motion

in terms of the key-frame sample rate in key-frames per second (kf/s). Specifically, we

reconstruct sequences at two key-frames per second up to six key-frames per second for

motion durations starting at four seconds, up to 12 seconds. For irregular spacing, the

key-frame sample rate is not exact. If the network has the opportunity to allocate more

key-frames in specific regions, there can be more key-frames in that particular second of

motion than the key-frame sample rate. For consistency, we still use this nomenclature

with irregular spacing and choose to think of it as the “average” key-frame sample rate in

this setting.

4.2 Implementation and training

We implement our cross-attention transformer encoder with two sets of alternating cross-

attention and self-attention blocks with shared weights. Our cross-attention blocks are

comprised of a single layer with two heads and our self-attention block is comprised of
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two layers with four heads. In our VQ case, the continuous latent representation from the

encoder is discretized against a learned codebook with 1024 entries, with an individual

entry containing 32 channels. In our non-VQ case, the continuous latent representation is

passed directly to the decoder. Our decoder is implemented with two 1D CNN layers that

output key-frame poses and the logits for elapsed time between key-frames. Empirically,

we achieve better reconstruction results with a simple 1D CNN versus a transformer-based

decoding scheme. Our choice of hyperparameters follows related work [9, 27] that utilize

cross-attention and self-attention in tandem for multi-modal tasks. The input to the net-

work are 3D pose sequences represented as a series of 3 × 3 rotation matrices per joint.

The decoded key-frame poses are then interpolated with spherical interpolation over key-

frame rotations converted into quaternions. For all datasets, we ensure there is no overlap

between downsampled motions of the same sequence or subject between train and test

sets. With these choices, our model is trained on a single Titan X GPU with a batch size

of 32. Further details of our architecture are provided in the appendix.

4.3 Datasets and evaluation

MotSynth. Most publicly available datasets of human motion capture operate at 30 frames

per second with few exceptions. Intuitively, datasets with motions captured at a high

frame rate will contain adjacent frames whose poses are more similar than if the motion

is captured at a lower frame rate. For modelling purposes, most datasets outright capture

motions at 30 frames per second to enable enough variation in motion between adjacent

frames for sequence modelling approaches to learn effectively. For our experiments mod-
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elling key-frames, we effectively learn a temporal subsampling process that should ideally

also handle higher frame rates since our learned representation is agnostic to the variations

between directly adjacent frames, which are handled by our linear interpolator. To test

this, we select MotionSynth [25] which contains six million frames of a single subject at

the default frame rate of 120 frames per second. This dataset is twice the size of the CMU

Motion Capture Database, which is another common benchmark dataset for human mo-

tion. MotionSynth also combines motions from other popular datasets [40, 54], including

CMU, using a common inverse kinematics and skeleton retargeting procedure [25]. We

reconstruct motions between four to twelve seconds at the original 120 Hz and at a down-

sampled version of the dataset at 30 Hz with the default skeleton definition in units of

inches. At the longest duration and frame rate we reconstruct up to nearly 1440 frames for

a single motion sequence. We use an 80-20 train-test split with the classes “walk”, “run”,

“jog”, and “transitions”. Motion samples that are shorter than the target reconstruction

duration are removed from both training and testing.

LAFAN1. Many popular human motion capture datasets contain relatively simplistic mo-

tions, with many variations on highly cyclic and predictable motions, such as “walking”.

For our purposes of discovering key-frames in a self-supervised manner, we choose to op-

erate on more complex and unstructured motion datasets. LAFAN1 [22] is a recent dataset

that contains a wide variety of highly dynamic movements expected of a video game char-

acter. Within individual motion samples, many motions are tagged with soft labels, i.e.,

the labels outline the overall predominant motion but they may contain other actions as

well. Many motion samples contain motion transitions between walking, running, crouch-

ing, sitting and many more. As a result of our approach being self-supervised we can
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fully leverage the complexity of the dataset without the need for specific labels. LAFAN1

contains five subjects with 77 sequences and over 400000 total frames at 30 frames per

second. We use an 80-20 train-test split using the classes “walk”, “run”, “sprint”, “dance”,

and “multiple actions” and use the default skeleton definition in units of centimetres. Mo-

tion samples that are shorter than the target reconstruction duration are removed from both

training and testing, the same as for the MotionSynth dataset.

4.4 Metrics

Quantitative evaluations are based on measuring the displacement error between joint po-

sitions of our reconstructed motion sequence against the ground truth motion sequence.

We evaluate this displacement according to two levels of granularity. Our more global

error metric, the Average Displacement Error (ADE), measures the L2 distance between

ground truth and reconstructed poses averaged across all frames:

ADE =
1

T

T∑
t=1

∥∥∥X̂t −Xt

∥∥∥
2
. (4.1)

To measure the error at the joint level, we use the Mean Per Joint Position Error (MPJPE)

which measures the L2 distance between ground truth and reconstruction motions per joint

per frame, and then averages across joints thereby giving the mean error per joint:

MPJPE =
1

Nj

1

T

Nj∑
j=1

T∑
t=1

∥∥∥X̂(j)
t −X

(j)
t

∥∥∥
2
. (4.2)
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While both of these metrics can provide some intuition as to the overall reconstruction

performance of our model across the test set, they do not necessarily provide direct in-

formation about how well key-frames are placed temporally. Our initial intuition is that

the optimal key-frame placements should be related to the energy of the motion. Parts

of a motion sequence with high energy due to large variations in movement could benefit

from more key-frames being allocated in that region. To validate our intuition, we pro-

pose a series of qualitative analyses to better interpret the model’s learned placement of

key-frames.

We choose to interpret the velocity and acceleration of motions as an intuitive and

highly correlated proxy for a motion’s energy. Due to our choice of interpolator being

linear, we can only expect to successfully reconstruct a limited range of the ground truth

motion velocities. There are two ways we can increase the range of modelled velocities.

The first is through increasing the key-frame sample rate, which increases the amount

of non-linearly generated poses, the only source of velocity variation. The second, we

hypothesize, is through irregular spacing of key-frames by learning to place them around

regions of velocity variation. To validate this, we plot a velocity histogram over the entire

test sets of both MotionSynth and LAFAN1 and compare them with the reconstructed test

set velocity histogram using KL-Divergence. We construct our histograms by computing

velocities across individual joints per test set motion for both reconstructed and ground

truth motions. We then bin the per-frame velocities across 200 bins and compute the KL-

Divergence:

DKL(P∥Q) =
∑
x

P (x) log

(
P (x)

Q (x)

)
, (4.3)
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where P (x) is our histogram of ground truth velocities and Q (x) is our histogram of

reconstructed velocities. We only compute and bin velocities for extremity joints, specifi-

cally the elbow, hand, knee, and heel.

4.5 Quantitative results

In order to determine the efficacy of our key-framing transformer, we compare our key-

framing approach within an alternative sequence modelling architecture, we compare con-

tinuous versus discrete latent key-frame representations, and we compare our learned key-

frame placements against uniform key-frame spacing. In Table 4.1 we see that our cross-

attention transformer outperforms our 1D CNN baseline. Attention as a powerful tool

for sequence modelling has been well documented. We see this as a positive indication

that our specific use case of alternating cross-attention and self-attention for key-frame

selection and temporal downsampling is beneficial. The continuous autoencoding variant

of our key-framing transformer outperforms our complete VQ approach on MotionSynth

by a small amount. As we scale to a more complex dataset like LAFAN1, continuous

autoencoding outperforms VQ by a larger extent.

To validate the effectiveness of our irregular key-framing scheme, we plot the trends of

our test set error metrics ADE and MPJPE across increasing reconstruction durations and

increasing key-frame frequencies on both MotionSynth and LAFAN1 datasets. Figure 4.1

demonstrates that apart from the two kf/s variant, our VQ irregular key-framing approach

seems to be marginally better than the regular spaced variant in most cases at 30 Hz. This

trend holds when we move on to the LAFAN1 dataset as evident in Fig. 4.3, which is
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MotionSynth 4s LAFAN1 4s

Model
ADE ↓ MPJPE ↓ ADE ↓ MPJPE ↓

Reg Irreg Reg Irreg Reg Irreg Reg Irreg

1DCNN 9.49 9.60 1.35 1.37 32.55 32.75 5.10 5.18
Ours (AE) 7.74 6.59 1.07 0.91 17.08 16.56 2.73 2.64
Ours (VQ) 7.83 7.55 1.09 1.05 30.78 30.40 4.81 4.71

Table 4.1: Quantitative comparison of baselines for motions up to four seconds in the
MotionSynth and LAFAN1 datasets. We compare a 1D CNN-based VQVAE (1D CNN)
and our cross-attention-based transformer architecture without vector quantization (Ours
AE) and with vector quantization (Ours VQ). The evaluation metrics include the Average
Displacement Error (ADE) and Mean Per Joint Position Error (MPJPE) for both naive
regular key-frame spacing (Reg) and learned irregular key-frame spacing (Irreg).

promising considering the more challenging nature of the dataset. When training on the

MotionSynth dataset at 120 Hz, apart from four kf/s, regular spacing seems to reconstruct

motions more effectively for VQ based key-framing in Fig. 4.2. Our irregular key-framing

approach outperforms regular spacing by the largest margin when we use our key-framing

transformer with a continuous latent space as evident in Fig. 4.3. This holds across each

modelled duration and key-frame sample rate on LAFAN1, and in most conditions for

MotionSynth. In most situations, the continuous autoencoding version of our key-framing

transformer outperforms the discrete VQ variant.

Across both datasets, a minimum of four key-frames per second is required to achieve

a decent reconstruction accuracy due to preserving sufficient non-linear elements of the

ground-truth motion sequence. Due to our choice of linear interpolator, two key-frames

per second are simply insufficient to capture variations in velocity, specifically velocity

peaks, while simultaneously capturing the average velocity for that motion. At low key-
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(a) Test set ADE of our key-framing transformer architecture with regular and irregular
spacing trained on MotionSynth downsampled to 30 Hz

(b) Test set MPJPE of our key-framing transformer architecture with regular and irregular
spacing trained on MotionSynth downsampled to 30 Hz

Figure 4.1: Average Displacement Error (Top) and Mean Per Joint Position Error (Bottom)
of our cross-attention based transformer approach with and without vector quantization
trained to reconstruct three different durations of motions on the MotionSynth dataset
downsampled to 30 Hz. We compare regularly spaced and irregularly spaced variations of
the model denoted by solid and dashed lines respectively.
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(a) Test set ADE of our complete key-framing transformer architecture with regular and
irregular spacing trained on MotionSynth 120 Hz

(b) Test set MPJPE of our complete key-framing transformer architecture with regular and
irregular spacing trained on MotionSynth 120 Hz

Figure 4.2: Average Displacement Error (Top) and Mean Per Joint Position Error (Bottom)
of our cross-attention based transformer approach with and without vector quantization
trained to reconstruct three different durations of motions on the MotionSynth dataset at
the original 120 Hz. We compare regularly spaced and irregularly spaced variations of the
model denoted by solid and dashed lines respectively.
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(a) Test set ADE of our key-framing transformer architecture with regular and irregular
spacing trained on LAFAN1.

(b) Test set MPJPE of our key-framing transformer architecture with regular and irregular
spacing trained on LAFAN1.

Figure 4.3: Average Displacement Error (Top) and Mean Per Joint Position Error (Bottom)
of our cross-attention based transformer approach with and without vector quantization
trained to reconstruct three different durations of motions on the LAFAN1 dataset. Our
irregular spacing approach outperforms regular spacing when our key-framing transformer
is implemented as a continuous autoencoder and at longer durations.
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frame frequencies, the network is forced to only model the average velocities missing high

frequency components due to this constraint.

4.6 Qualitative results

Our current metrics model reconstruction error averaged across the entire test set. Due to

the marginal improvements that we see in these quantities with VQ based key-framing,

we further explore the impact of choosing key-frame placement on capturing variations in

velocity. Specifically, we visualize the velocities of the test set ground truth motion as a

histogram and see how closely we can capture this velocity distribution via reconstructing

test set motions with both regular and irregular key-framing. Figure 4.4 visualizes the ve-

locity histogram for a four second motion modelling two key-frames per second. When

key-framing with regular spacing, the model struggles to capture the long-tail of the ve-

locity distribution. Modelling the same number of key-frames, but with irregular spacing

more effectively captures the distribution tail.

As we increase the number of key-frames we model, the range of velocities increases

for both regular and irregular spacing. In the regularly spaced case, we now have more

chances for key-frame poses to land close to high velocity regions. Although, even at

four key-frames per second, Fig. 4.5 shows that we still are able to model the long-tail

for angular velocity more effectively with irregular spacing. By increasing the number

of key-frames, the qualitative differences between distributions begin to diminish. Figure

4.6 shows the KL-Divergence between velocity distributions at each of our modelled du-

rations and key-frame frequencies for MotionSynth. In most cases, especially at 120 Hz,
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(a) Ground truth test-set velocity histogram. (b) Test-set velocity histogram of recon-
structed motions with irregularly spaced key-
frames.

(c) Test-set velocity histogram of recon-
structed motions with regularly spaced key-
frames.

Figure 4.4: A comparison of log-scale test-set velocity histograms computed via finite
difference of extremity joints. Irregular spacing and Regular spacing are trained to re-
construct two key-frames per second for a four second motion. At low key-frame rates
regular spacing struggles to capture the long-tails of the ground truth velocity histograms.
Irregular spacing is better able to capture these long-tails which is reflected by the lower
KL-Divergence score.
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(a) Ground truth test-set velocity histogram. (b) Test-set velocity histogram of recon-
structed motions with irregularly spaced key-
frames.

(c) Test-set velocity histogram of recon-
structed motions with regularly spaced key-
frames.

Figure 4.5: A comparison of log-scale test-set angular velocity histograms. Irregular spac-
ing and Regular spacing are trained to reconstruct four key-frames per second for a four
second motion. Regular spacing continues to struggle to capture the long-tails of the
ground truth velocity histograms even with more key-frames. Irregular spacing once more
has a lower KL-Divergence with the ground truth histogram.
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(a) KL-Divergence comparison between discrete and continuous key-framing transformer for Mo-
tionSynth downsampled to 30 Hz

(b) KL-Divergence comparison between discrete and continuous key-framing transformer for Mo-
tionSynth at 120 Hz

Figure 4.6: We produce velocity histograms for regular and irregular key-frame-based
reconstruction at increasing motion durations and key-frame rates for the MotionSynth
dataset at 30 Hz and 120 Hz. The KL-Divergence is not as consistently better with irregular
spacing on the MotionSynth dataset at 30 Hz in the discrete case, however we do see
improvement across each key-frame sample rate and duration at 120 Hz. In our continuous
variant, we see improvement with irregular spacing across each key-frame sample rate,
duration, and frame rate.
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Figure 4.7: KL-Divergence between ground truth velocity histogram and reconstructed
test-set motion histogram on the LAFAN1 dataset for increasing durations and key-frame
sample rates. We compare both the discrete and continuous variants of our key-framing
transformer architecture. We see that our irregular key-framing method consistently mod-
els the test-set velocity distribution more closely than regular spacing measured by KL-
Divergence for the LAFAN1 dataset.

Ground Truth

Ours (AE)
Irregular

Ours (AE)
Regular

Ours (VQ)
Irregular

Ours (VQ)
Regular

Figure 4.8: A test-set motion sample from the LAFAN1 dataset. We compare our contin-
uous and VQ-based key-framing approach trained to reconstruct an eight-second motion
with four key-frames per second. For both our continuous and VQ-based models, we
present the reconstructed motion with learned irregular spacing as well as regular spacing.
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Ground Truth

Ours (AE)

Ours (VQ)

1DCNN

Figure 4.9: A 12-second test-set motion sample from the LAFAN1 dataset reconstructed at
four kf/s. We compare each of our model classes with learned irregular spacing, including
continuous attention-based key-framing, VQ attention-based key-framing, and 1DCNN
baseline.

both VQ-based and continuous key-framing produce velocity distributions that are closer

to the ground truth. For the LAFAN1 dataset, which contains the most energetic motions,

Fig. 4.7 shows that irregular spacing of key-frames still produces velocity distributions that

are closer to the ground truth for both VQ-based and continuous key-framing. The KL-

Divergence becomes negligible as we reach our maximum number of key-frames. This

trend is less evident in the MotionSynth dataset containing simpler motions and a smaller

long-tail at 30 Hz. This implies that our irregular spacing approach is likely more ef-

fective when modelling motions with higher velocities. Figure 4.8 visualizes a test-set

motion sample reconstructed with our attention-based key-framing approach with both

irregular and regular spacing. Additionally, in Fig. 4.9, we visualize a test-set motion sam-

ple between our baseline 1DCNN and attention-based architecture with irregular spacing.

Our continuous-autoencoding key-framing approach more closely reconstructs the ground

truth motion with learned irregular spacing in both samples. Additional motion samples
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Figure 4.10: A challenge when representing an entire skeleton with a single key-frame is
when different joints have different phases. We show the reconstructed velocities (top) of
the heel (red) and hand (green) joints with associated key-frame placements (black) along
with the ground truth velocities (bottom) for both joints.

are presented in the appendix.

4.7 Discussion

In the continuous autoencoding case, Fig. 4.1 and 4.3 shows that our irregular key-framing

approach does improve over regular spacing across our quantitative metrics on the more

challenging LAFAN1 dataset and in most conditions for MotionSynth. Additionally, when

we compare our vector quantized key-framing transformer with our continuous baseline,

continuous autoencoding outperforms our quantized autoencoder. It is important to note

that one of the primary motivations for modelling a discrete latent space is to simplify

downstream tasks like prediction. The difference is the need to predict continuous latent

vectors in the case of continuous autoencoding versus a key-frame number of codebook

indices represented as integers in the case of discretization using VQ. These indices could
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Figure 4.11: Visualization of the reconstructed acceleration of the same motion from 4.10.
With linear interpolation, the only points where a change in velocity is possible is at a
key-frame. Therefore, by modelling a whole pose with a single key-frame, the change in
velocity across all joints is forced to occur at the same time.

be predicted as categorical distributions to preserve multi-modality. In our current contin-

uous formulation, multi-modality is not as easily preserved if extended to prediction. The

tradeoff for better reconstruction accuracy for the flexibility and simplicity of a discrete

codebook should be considered.

Figures 4.7 and 4.6 show that variations in key-frame placements can help model a

larger range of velocities present in ground truth motion samples. Consider for example a

cyclic motion of an individual running. Each interpolated frame can be expected to have

close to a constant velocity. When key-frames are regularly spaced, this constant velocity

even between interpolated frames between two sets of different key-frames is more likely

to be similar than if the key-frames were spaced irregularly. Regularly spaced key-frames

would land at the same parts of different periods within the cycle while irregular spacing

could potentially capture different parts of the cycle altogether. Since irregular spacing

produces velocity distributions closer to the ground truth across both datasets, this is a
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positive indication that our irregular spacing formulation successfully places key-frames

at points where there is high variance in velocity. Due to our formulation producing a

majority of poses through linear interpolation, it is beneficial to place key-frame poses,

the only source of non-linearity, at points of high velocity variance. This is as opposed to

regular spacing, in which regions with high velocity variance will not be captured unless

they happen to roughly land at regularly spaced intervals.

While our velocity distributions show that there is some benefit to learning key-frame

placement in an irregular manner, the benefits are perhaps not as significant as we may

expect, especially for VQ-based key-framing. In Fig. 4.10, the heel joint seems to be

more optimally reconstructed at the expense of the hand joints. This could mean that the

network is biased towards key-frame placements that correspond to joints that contribute

more towards the overall position loss. Although according to Fig. 4.12, our model seems

to explore variations in key-frame placements, it is possible that finding the optimal place-

ment when modelling all joints with a single set of key-frames is more challenging for

our current formulation. Linear interpolation enforces constant velocity for interpolated

frames between any two sets of key-frames. With this constraint, incorporating a strong

learning signal based on a velocity reconstruction objective is infeasible. The only learning

signal is implicitly through our position loss, without a strong learning signal for velocity,

the network may further struggle to place optimal key-frames. This limitation is further

demonstrated in our reconstructed accelerations in Fig. 4.11, changes in velocity can only

be captured at the same time across all joints, even if optimal key-frame placement be-

tween joints may differ.

Similar to a Taylor series approximation, where a summation of non-linear polynomi-
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Figure 4.12: Box-plot of the variation in learned key-frame spacing for reconstructing test-
set motions. This example is from our cross-attention key-framing transformer trained to
reconstruct an eight second motion at four key-frames per second. Our representation
of time elapsed is between 0 and 1, to determine the number of frames we multiply the
elapsed time by the number of frames in the motion. For an eight second motion at 30 Hz,
the key-frame spacings are between 4 to 10 frames.

(a) Two kf/s reconstructed
(blue) and ground truth
(green) velocity.

(b) Four kf/s reconstructed
(blue) and ground truth
(green) velocity.

(c) Six kf/s reconstructed
(blue) and ground truth
(green) velocity.

Figure 4.13: A visualization of reconstructed vs ground truth velocities of the heel joint
for a test set motion using models trained with two, four, and six key-frames per second
with irregular spacing. As we increase the number of key-frames we are able to better
reconstruct velocity peaks.
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als can be used to locally approximate a more complicated, non-polynomial function, in

our current formulation the addition of each new key-frame can be viewed as a non-linear

local approximation of the original motion sequence. At low key-frame sample rates, each

key-frame is responsible for approximating a larger local window of the signal, in which

case the converged solution tends to be the average of this region. The averaging effect at

low key-frame sample rates can be seen in Fig. 4.13. At two kf/s, we can only reconstruct

the average velocities, at four kf/s we can better reconstruct local regions around velocity

peaks. As we increase the key-frame sample rate, each key-frame can be responsible for

approximating an even more local region of the ground truth signal. Depending on the

complexity of said signal, the number of key-frames to sufficiently reconstruct a local re-

gion could be as low as six kf/s. In our formulation, perhaps with enough key-frames the

local regions are so well approximated with uniform spacing that learning the placement

of key-frames does not improve the overall reconstruction accuracy as strongly, resulting

in a weaker training signal for our self-supervised irregular spacing scheme.

4.8 Summary

In this chapter, we presented a series of quantitative and qualitative metrics for evaluating

our attention-based approach for subsampling a motion into a set of key-frames and their

placements in time. Our selection of baselines compare attention-based key-framing with

an alternative sequence modelling choice, continuous versus discrete latent key-frame rep-

resentations, and lastly learned irregular key-frame placements with naive uniform spac-

ing. According to our quantitative metrics, attention-based key-framing outperforms our

56



Model FPS KF Freq.
4s 8s 12s

Reg Irreg Reg Irreg Reg Irreg

1DCNN 30 Hz 2 kf/s 11.79 12.72 16.09 16.81 21.34 21.59
4 kf/s 9.49 9.60 12.63 13.42 19.09 18.99
6 kf/s 8.85 8.82 13.00 12.87 17.71 17.12

120 Hz 2 kf/s 13.57 12.14 14.91 14.83 15.99 16.22
4 kf/s 8.77 8.44 11.32 11.44 13.04 13.17
6 kf/s 8.51 9.11 10.67 10.92 12.94 13.60

Ours (AE) 30 Hz 2 kf/s 9.91 10.59 13.18 12.78 17.72 16.45
4 kf/s 7.74 6.59 9.74 9.21 12.02 10.76
6 kf/s 6.21 6.22 8.55 8.31 5.45 5.23

120 Hz 2 kf/s 11.10 10.69 12.46 11.5 12.64 12.73
4 kf/s 7.50 6.50 8.33 7.61 10.48 9.04
6 kf/s 6.22 5.57 6.59 6.09 8.03 7.42

Ours (VQ) 30 Hz 2 kf/s 10.98 10.91 13.39 13.64 12.56 13.46
4 kf/s 7.83 7.55 9.81 10.01 7.36 7.10
6 kf/s 6.95 6.65 9.42 9.26 9.33 8.92

120 Hz 2 kf/s 11.14 11.74 12.68 13.6 14.76 15.06
4 kf/s 8.13 7.65 8.43 8.15 10.99 10.69
6 kf/s 6.62 6.41 7.18 7.40 9.14 9.66

Table 4.2: Average Displacement Error (ADE) across all joints averaged over all test set
motion reconstructions from the MotionSynth dataset at the original 120 Hz and down-
sampled to 30 Hz. We explore varying the number of key-frames used for reconstruction,
the duration of the motion to reconstruct, and irregular versus regular spacing variations
of each model. Specifically, we examine the 1DCNN VQVAE (top), a continuous autoen-
coding cross-attention transformer (middle), and a VQVAE cross-attention transformer
(bottom). For each modelled duration and key-frame sample rate, we highlight the best-
performing reconstruction model between architectures and key-frame spacing method.
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Model FPS KF Freq.
4s 8s 12s

Reg Irreg Reg Irreg Reg Irreg

1DCNN 30 Hz 2 kf/s 1.65 1.81 2.29 2.43 3.16 3.20
4 kf/s 1.35 1.37 1.78 1.92 2.83 2.81
6 kf/s 1.27 1.27 1.85 1.85 2.60 2.48

120 Hz 2 kf/s 1.85 1.64 1.98 2.10 2.33 2.36
4 kf/s 1.22 1.17 1.61 1.64 1.90 1.92
6 kf/s 1.19 1.28 1.52 1.56 1.89 1.99

Ours (AE) 30 Hz 2 kf/s 1.32 1.46 1.81 1.75 2.54 2.36
4 kf/s 1.07 0.91 1.35 1.26 1.69 1.52
6 kf/s 0.86 0.86 1.19 1.14 0.76 0.72

120 Hz 2 kf/s 1.47 1.41 1.69 1.55 1.79 1.80
4 kf/s 1.01 0.87 1.13 1.04 1.47 1.26
6 kf/s 0.85 0.76 0.92 0.85 1.13 1.05

Ours (VQ) 30 Hz 2 kf/s 1.50 1.49 1.84 1.90 1.77 1.91
4 kf/s 1.09 1.05 1.34 1.38 1.03 0.99
6 kf/s 0.97 0.93 1.28 1.28 1.31 1.26

120 Hz 2 kf/s 1.47 1.57 1.73 1.88 2.05 2.11
4 kf/s 1.10 1.05 1.16 1.13 1.53 1.48
6 kf/s 0.91 0.89 1.01 1.04 1.26 1.35

Table 4.3: Mean Per Joint Position Error (MPJPE) over test set reconstructions from the
MotionSynth dataset at the original 120 Hz and downsampled to 30 Hz. For each mod-
elled duration and key-frame sample rate, we highlight the best-performing reconstruction
model between architectures and key-frame spacing method. The continuous autoencod-
ing variant of our cross-attention key-framing transformer has the lowest MPJPE across
increasing motion durations and key-frame sample rates.
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Model KF Freq.
4s 8s 12s

Reg Irreg Reg Irreg Reg Irreg

1DCNN 2 kf/s 53.53 46.55 47.27 54.85 50.55 49.86
4 kf/s 32.55 32.75 35.09 33.42 37.73 35.80
6 kf/s 27.10 27.93 29.47 31.49 31.60 31.35

Ours (AE) 2 kf/s 37.94 36.30 38.42 35.21 40.44 37.38
4 kf/s 23.45 22.17 23.04 21.98 24.72 21.80
6 kf/s 17.08 16.56 17.77 17.16 19.12 17.24

Ours (VQ) 2 kf/s 44.03 44.11 44.46 52.77 52.10 44.20
4 kf/s 30.78 30.40 30.13 30.18 31.07 29.84
6 kf/s 25.75 24.87 25.49 25.44 25.63 24.80

Table 4.4: Average Displacement Error (ADE) across all joints averaged over all test set
motion reconstructions from the LAFAN1 dataset. We compare against a 1DCNN VQ-
VAE (top), a continuous autoencoding cross-attention key-framing transformer (middle),
and our quantized cross-attention key-framing transformer (bottom).
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Model KF Freq.
4s 8s 12s

Reg Irreg Reg Irreg Reg Irreg

1DCNN 2 kf/s 7.80 7.21 7.35 9.04 7.97 7.90
4 kf/s 5.10 5.18 5.61 5.32 6.07 5.75
6 kf/s 4.31 4.45 4.74 5.07 5.08 5.03

Ours (AE) 2 kf/s 5.64 5.45 5.76 5.23 6.14 5.64
4 kf/s 3.61 3.41 3.59 3.38 3.96 3.37
6 kf/s 2.73 2.64 2.84 2.70 3.12 2.72

Ours (VQ) 2 kf/s 6.64 6.65 6.80 8.61 7.50 6.77
4 kf/s 4.81 4.79 4.78 4.76 4.94 4.76
6 kf/s 4.04 3.91 4.06 4.11 4.09 3.97

Table 4.5: Mean Per Joint Position Error (MPJPE) over test set motion reconstructions
from the LAFAN1 dataset. We compare our 1D CNN baseline (top) with our key-framing
transformer that represents latent key-frames as both continuous vectors (middle) and dis-
crete dictionary entries (bottom). For each modelled duration and key-frame sample rate,
we highlight the best-performing method between architectures and key-frame spacing
method.
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1D CNN baseline, and our continuous latent key-frame representation outperforms dis-

crete latent key-frames across a majority of baselines. It is also evident that these architec-

tural choices allow irregular key-framing to outperform naive uniform spacing. Our quali-

tative metrics demonstrate that an advantage of learned key-frame placement is the ability

to more effectively capture the long-tail of velocity ranges present in ground truth motion

samples. This holds true for both continuous and discrete latent key-frame representations

as measured by the KL-Divergence between ground truth and reconstructed velocity his-

tograms. Ultimately, our choice of linear interpolation of full poses is a bottleneck for

learning good key-frame placements. While linear interpolation enforces near-constant

velocity between key-frames, modelling an entire pose with a single key-frame can make

it challenging for the network to decide the optimal placement as defined by variations in

velocity when different joints have velocity variations that occur at conflicting points in

time.
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Chapter 5

Conclusion and Future Work

In this thesis, we explored novel representations for encoding human motion sequences

without the need for autoregressive methods based on the principles of key-framing and

in-betweening. We construct a self-supervised learning objective to represent a human mo-

tion sequence in terms of only a small subset of poses, which we refer to as key-frames.

The in-betweening is accomplished via linear interpolation to reconstruct an approxima-

tion of the original motion sequence based on our learned key-frames. We showed that

a discretized latent representation based on Vector Quantized Variational Autoencoders is

a good candidate for representing key-frame poses within a fixed size latent pose dictio-

nary. This formulation naturally extends to downstream tasks, like motion prediction and

retrieval, because we can now represent an encoded pose sequence as a series of integers

that correspond to latent dictionary entries. Downstream tasks can now be trained on top

of this discrete set of integers instead of a more challenging continuous latent space. How-

ever, for the task of reconstruction, our key-framing approach implemented in a continuous
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autoencoding scheme gives the best quantitative results for irregular key-framing.

We introduced a cross-attention based transformer architecture that learns to sub-sample

a motion sequence into a set of key-frames, the number of which is conveniently deter-

mined by the number of initialized query tokens. We showed that our cross-attention

based key-framing transformer with a discretized latent space outperforms some of our

baselines, including a 1D CNN VQVAE, while our continuous key-framing transformer

outperforms all baselines. We also explored two methods for determining the placements

of key-frames for reconstruction, one based on naively spacing key-frames evenly apart

as well as placements learned directly from the cross-attention key-framing transformer

in a self-supervised fashion. Quantitatively, our learned key-frame placements outperform

regular spacing, especially in the continuous case. Lastly, we showed that the learned ir-

regular key-frame spacing more effectively captures the long-tail of velocities, especially

in the more challenging dataset.

Learning the optimal irregular placements of key-frames in our formulation is more

challenging than initially expected. While we can intuitively say that the optimal key-

frame placement occurs around the highest energy regions of a motion, the reality is that

high energy regions occur at different times for different joints. The optimal key-frame

placement when representing an entire skeleton with a single key-frame conflicts across

joints, and the network may become biased to placing key-frames according to the joints

that contribute most towards the position error like the heel joint. Additionally, if the

optimal key-frame placement is based on variations in velocity, our choice of linear inter-

polator, which can only capture constant velocities between key-frames, may not provide

a strong enough training signal to learn these placements according to our current self-
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supervised formulation.

5.1 Broader impact

The rapid progress of generative modelling in the last few years raises important ethical

concerns regarding their deployment in consumer products. A recurring theme in this line

of work is the role of scaling data and compute for improving the representational capacity

of existing models. The roll-out of models like stable diffusion [43] has led to widespread

adoption, first in creative industries as novel tooling for artists and now to the general

public. Yet, questions remain as to how much these models simply regurgitate training

instances [45] and even perpetuate social biases that arise in web-scale datasets [8].

While our work does not directly deal with web-scale image data, pose sequences have

been shown to encode gender information from 3D joint positions alone [47]. Given this

information, it is critical for motion capture datasets to have an equal distribution of male

and female subjects. In the case our datasets contain more subjects of a specific gender, it

is possible that our method for representing pose sequences in terms of key-frames may be

biased to more effectively represent the gender with more training samples at inference.

While neither dataset we train on reveals the gender distribution of their subjects, this

information should be sought out if we choose to deploy our approach.

Implementing generative models as tools for artists can help alleviate time-consuming

and repetitive tasks that are an inevitable part of an artist’s workflow. Our encoded key-

frame representation has direct applications in motion retrieval systems and other tasks that

can benefit from a temporally compressed representation of pose sequences. Currently, our
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method does not synthesize new motion samples and instead summarizes existing ones.

Therefore, our approach augments existing workflows without necessarily replacing them

altogether. Beyond animation, our key-framing scheme can be used for surveillance appli-

cations to extend long-term tracking and motion prediction capabilities. As surveillance

technologies improve, the capabilities of regimes seeking totalitarian control over the pop-

ulace only increase.

5.2 Future work

To address our limitations, we propose a direction of future work to disentangle the skele-

ton from a single set of key-frames. One approach could be separating the upper and

lower body with different learned discrete latent codebooks. We can then leverage two

separate decoding streams which learn a unique set of key-frames and associated place-

ments for the upper body, as well as a separate learned set of key-frames with placements

for the lower body. The two sets of key-frames can then be interpolated independently

and recombined to form the final reconstructed motion. Additionally, we can leverage

non-linear interpolators that capture acceleration, or even interpolate directly in the la-

tent space. Such architectural choices may provide a stronger learning signal for optimal

key-frame placement. Nonetheless, it is evident from both our qualitative and quantitative

results that a key-frame based representation for motion sequences can be effective for

long-term temporal modelling beyond just four seconds.

One of the core motivations of our key-framing approach is the potential benefits of

using this representation as a prior for downstream tasks like motion forecasting. With our
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VQ-based method, multi-modality can be preserved for long-term motion prediction by

learning to predict future motion sequences in terms of a categorical distribution over our

pre-trained codebook indices representing latent key-frames. Long-term prediction is then

cast as learning codebook indices represented as integers, instead of continuous values

in a high-dimensional latent space, which can greatly reduce the complexity of the task.

A similar framework has been used for image generation [14] and autoregressive motion

prediction [36]. It is important to note that a parallel line of work leveraging continuous

latent spaces as a prior for downstream image synthesis tasks has also been shown to

achieve promising results [43]. Leveraging our latent key-frame prior learned as either a

continuous latent space or discrete codebook for downstream long-term motion modelling

tasks is now a promising line of future work.
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Appendix

A.1 Additional implementation details

As presented in Chapter 3 of the thesis, our key-framing transformer learns to temporally

subsample a motion sequence into a set of learned key-frames and their associated place-

ments in time. The first step in this encoding process is our skeleton embedding layer

applied to the channel dimension of our input pose sequence. We choose to embed the

skeleton joint rotations from their original J × 6 rotation matrix representation to a chan-

nel size of 32. Where J is 22 for LAFAN1 and 26 for Motionsynth. Our learnable set

of query tokens are initialized randomly from a Gaussian distribution. We choose to set

the channel dimension of our query tokens to 32 as well. Our cross-attention blocks are

implemented with a single layer containing a single head, while our self-attention blocks

contain two layers with four heads per layer. We find experimentally that sharing weights

between cross-attention blocks and self-attention blocks respectively outperforms having

two sets of separate weights per block. Before an attention block, we add a channel-wise

positional encoding [49] of alternating sinusoids of increasing frequency according to:

76



PE(pos,2i) = sin
( pos

10000(2i/d)

)
PE(pos,2i+1) = cos

( pos

10000(2i/d)

)

Here i is the channel dimension index, d is the size of the channel dimension, and pos

is the position in the sequence. Our decoder architecture is a simple 1D CNN with two

layers with a kernel size of 15 and stride 1. The convolutions operate on the channels of the

encoded sequence. In our experiments, we observe that a 1D CNN decoder outperforms

transformer-based decoders.

In irregular key-framing, a batch of learned key-frames can have different placements

in time per motion sample. In order to efficiently interpolate a batch of motions given

differing endpoints during training, we first compute the absolute time of each frame in

the complete motion sequences under the constraint that the first and last frame occurs at

t = 0 and t = 1 respectively. Given the absolute time of each frame, we can determine

the left and right predicted key-frame via binary search against the predicted key-frame

placement times, tKF . Then for every frame, we can determine where along the arc it lies

between its left and right key-frame, and therefore determine the interpolated quaternion

at that frame.

A.2 Entropy regularization

During training, our formulation for learning key-frame placements can be unstable. We

notice experimentally that early in training the network has a tendency to converge on a

77



Figure A.1: Visualization of the variation in learned key-frame spacing without entropy
regularization. Early in training the network can fall into a local minima such that some
key-frames always have an elapsed time of zero.

local minima in which the elapsed time between the first few frames becomes close to

zero, forcing the elapsed time between key-frames at other regions to be very far apart

due to representing elapsed time as a distribution via a softmax operation. An example of

this local minima is presented in Fig. A.1. In order to mitigate this, we employ an entropy

regularization term in our training objective presented in Chapter 3 Eq. 3.8. Since our

elapsed time between key-frames is represented as a distribution, high entropy is equiva-

lent to uniform spacing between key-frames. Therefore early in training we maximize the

entropy of the elapsed-time distribution and let the network learn relevant key-frame poses

under uniform spacing. As this regularization term is decayed, the entropy is no longer

maximized and the network starts to explore non-uniform key-frame placements.
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ADE ↓

Model Reg Irreg

Ours (no regularizer) 17.49
Ours (VQ) 7.55

Table A.1: Comparison of Average Displacement Error (ADE) of our key-framing trans-
former with and without entropy regularization on the MotionSynth dataset trained to re-
construct four-second motions. Without entropy regularization, the model learns a degen-
erate solution in which the learned spacings between the first few key-frames are always
near zero.

A.3 Additional samples

Additional reconstruction samples on the MotionSynth test-set at 30 Hz are shown in Fig-

ures A.2, A.3, and at 120Hz in Figure A.4. For the LAFAN1 test-set at 30Hz, some

additional samples are shown in Figure A.5 and A.6. We include example velocity and

corresponding acceleration reconstructions between the hand and heel joint in Figures A.7

and A.8, as well as Figures A.9 and A.10 respectively. We also visualize a subset of poses

from reconstructed motions to compare irregular and regular spacing in Figure A.11 and

against our baseline 1DCNN in Figure A.12.
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Figure A.2: MotionSynth 30 Hz reconstructed heel, knee, and elbow positions for an eight
second motion at four kf/s with our continuous autoencoding key-framing transformer.
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Figure A.3: MotionSynth 30 Hz reconstructed heel, knee, and elbow positions for a four
second motion at four kf/s with our VQ-based key-framing transformer.
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Figure A.4: MotionSynth 120 Hz reconstructed heel, knee, and elbow positions for a 12
second motion at two kf/s with our VQ-based key-framing transformer.
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Figure A.5: LAFAN1 test-set reconstructed heel, knee, and elbow positions for a twelve-
second motion at four kf/s with our continuous autoencoding key-framing transformer.
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Figure A.6: LAFAN1 test-set reconstructed heel, knee, and elbow positions for an eight
second motion at six kf/s with our VQ-based key-framing transformer.
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Figure A.7: Reconstructed velocities of the heel (top, red) and hand (bottom, green) joints
with associated key-frame placements (black) along with the ground truth velocities for
both joints. Velocities are reconstructed with our continuous key-framing approach trained
to reconstruct an eight-second motion at four kf/s.

Figure A.8: Reconstructed accelerations of the heel (top, red) and hand (bottom, green)
joints with associated key-frame placements (black) along with the ground truth acceler-
ation for both joints. Accelerations are reconstructed with our continuous key-framing
approach trained to reconstruct an eight-second motion at four kf/s.
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Figure A.9: Reconstructed velocities of the heel (top, red) and hand (bottom, green) joints
with associated key-frame placements (black) along with the ground truth velocities for
both joints. Velocities are reconstructed with our continuous key-framing approach trained
to reconstruct an eight-second motion at four kf/s.

Figure A.10: Reconstructed accelerations of the heel (top, red) and hand (bottom, green)
joints with associated key-frame placements (black) along with the ground truth acceler-
ation for both joints. Accelerations are reconstructed with our continuous key-framing
approach trained to reconstruct an eight-second motion at four kf/s.
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Ground Truth

Ours (AE)
Irregular

Ours (AE)
Regular

Ours (VQ)
Irregular

Ours (VQ)
Regular

Figure A.11: A test-set motion sample from the LAFAN1 dataset. We compare our contin-
uous and VQ-based key-framing approach trained to reconstruct a 12-second motion with
four key-frames per second. For both our continuous and VQ-based models, we present
the reconstructed motion with learned irregular spacing as well as regular spacing.

Ground Truth

Ours (AE)

Ours (VQ)

1DCNN

Figure A.12: A 12-second test-set motion sample from the LAFAN1 dataset reconstructed
at six kf/s. We compare each of our model classes with learned irregular spacing, in-
cluding our continuous attention-based key-framing, VQ attention-based key-framing, and
1DCNN baseline.
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