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Abstract

Capturing and understanding human movement through machines has many applications in-

cluding animation, virtual- and augmented reality, sports as well as medicine. All these benefit

from the advent of increasingly powerful, data-driven artificial neural networks with millions or

billions of parameters. This advancement, however, is accompanied by an ever-surging demand

for more computational resources.

Data with which intelligent systems can be trained comes in two forms: with or without

annotations. In the supervised training paradigm, models can be trained to predict these an-

notations coming from human input. Data without annotations however is many times more

abundant. Humans have the remarkable ability to learn an internal world-model, i.e., a rich

set of rules that govern the world in which they live in from different sensory inputs without

such supervision. A central goal of artificial intelligence research is to enable machines to do

something similar.

The central topic of this thesis is to investigate how to capture human movement from im-

ages through self-supervision. This movement can be characterised by pose, a set of points

that denote the location of anatomical landmarks such as skeletal joints. The central theme

throughout all the chapters is learning a disentangled representation of pose and appearance of

any person in an image though a computational model.

In this thesis we find that a human shape template, a collection of connected, basic shapes,

that serves as an abstract representation for pose, provides a strong prior for unsupervised pose

estimation. Different self-supervision mechanisms such as conditional image translation as well

as generation are introduced in combination with this shape template. We find that we can

learn human pose and appearance from images in a flexible way and with minimal supervision,

paving the way towards machine learning systems that can leverage unprecedented amounts of

data.
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Chapter 1

Introduction

1.1 Motivation and objectives

Tracking and understanding human movement from images is a long-standing problem in com-

puter vision. Applications range from motion tracking for animating digital characters in film

or video games to virtual- and augmented reality, optimisation of biomechanics in sports or

gait analysis in the medical context. Thanks to advances in both scalable algorithms in the

form of artificial neural networks and accompanying hardware, image-based automated track-

ing of human movement has become more and more accurate and reliable, especially in the

two-dimensional case. At the same time, efficient neural network architectures and optimised

hardware can nowadays even power real-time applications on handheld devices such as smart-

phones. This in turn enables enormous potential in different areas including healthcare, where

the automation of labour-intensive tasks such as image analysis can aid health practitioners and

therefore drive down costs and increase accessibility of diagnostic tools across the population.

However, many models require large amounts of human-labelled images in order to train and

fall short in terms of performance when there is domain shift between training and actual

data distribution encountered during deployment. The latter often brings about a need for

fine-tuning models on additional data that lies closer to the specified domain. Self-supervised

learning methods on the other hand are aimed towards finding underlying patterns in data

1



2 Chapter 1. Introduction

without relying on human supervision in the form of labels. This in turn enables tapping into

much bigger sources of data: for computer vision, the number of easily accessible images on the

internet is virtually endless. Additionally, as demonstrated in the recent leaps in performance

in language processing as well as computer vision applications Devlin et al. [2019], Caron et al.

[2021], pre-training a large model with a lot of parameters in a self-supervised fashion with un-

precedented amounts of data can dramatically increase performance in subsequent applications

when being fine-tuned for specific tasks afterwards. These so called foundation models have

become ubiquitous in both language processing and computer vision, especially in the context

of generative modelling.

In the context of human pose estimation, previous work has addressed the question whether

pose landmarks can be inferred without direct supervision, but rely on various forms of weaker

forms of supervision such as an independent, unpaired set of annotations Jakab et al. [2020a]

or require a mapping of discovered landmarks to anatomically relevant landmarks via a linear

classifier.Lorenz et al. [2019a], Zhang et al. [2018a]. In this thesis we explore the boundaries of

what can be achieved in a self-supervised setting by pushing the amount of required supervi-

sion, whether direct or indirect, to an absolute minimum.

Beyond the practicality of not relying on manual labels, self-supervised learning constitutes a

key-component of intelligence. Intuitively, interacting with and forecasting events within the

world we observe on a daily basis requires that we build an internal model that explains it. In

a more technical sense, a model that aims at matching or replicating an observed probability

distribution over data can reveal underlying structure. In the context of this thesis, the un-

derlying structure we would like to discover in images is the decompositionality of the human

anatomy into connected parts and the location of the points that connect them.

The central research question of this thesis therefore is: Can we extract said underlying struc-

ture from images accurately in order to minimise the extend of supervision in the context of

human pose estimation?



1.2. Contributions 3

In more detail, the following criteria should be met:

• no reliance on manually defined pose landmarks during training and testing

• sufficient inference speed and manageable model size

• highest possible accuracy, flexibility and temporal consistency of detected landmarks

The body of research presented in this thesis follows this research question at its core, but can

be split into conceptually different approaches and sub-goals that will be laid out in detail in

individual chapters.

1.2 Contributions

Unsupervised human pose estimation through transforming shape

templates

Firstly, in the second chapter we explore the usage of a simple two-dimensional body model

consisting of connected and transformable geometric primitives in combination with a self-

supervision mechanism to learn human pose representations from images. We demonstrate on-

par performance on a common human pose estimation dataset with other methods relying on

various forms of additional weak supervision1 We also show that our method remains flexible

when being trained on infants instead of adults, where different body proportions and pose

distributions lead to a significant domain shift that reduces the performance of comparable

methods. However, the applicability to more diverse scenarios remains constrained by the need

for constant backgrounds during training.

1Unsupervised, self-supervised and weakly supervised learning are labels being used somewhat laxly by many
authors. See 2.4.2 in the background chapter.
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Extension to 3D via neural rendering

In the third chapter we introduce an extension of the previous chapter to a more challenging

problem: estimating pose in three dimensions solely based on two-dimensional images. To tackle

this we leverage the same self-supervision mechanism in combination with a three-dimensional

volumetric shape template and a specific rendering technique referred to as neural rendering.

We show with qualitative results that this is a promising future direction of research, but also

encounter difficulties due to depth-ambiguity that call for a modified approach with additional

weak supervision.

Combining shape template transformation with a generative approach

for unconstrained self-supervision.

In the fourth chapter we address the central limitation of the self-supervision framework in-

troduced in the previous two chapters by enabling training on different backgrounds. An

analysis-by-synthesis approach is introduced, where a generative model is trained to synthesise

images via a composition of disentangled factors including pose without any additional supervi-

sion. This is achieved through a combination of novel objective functions within the context of

Generative Adversarial Networks and a new depth-aware representation to tackle self-occlusion

in two-dimensional body-models. We also highlight some limitations of the method including

imperfect foreground-background separation as well as difficulties from training on synthetic

data and provide extensive experiments that point towards possible future research.
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Chapter 2

Background and literature review

In order to embed the presented work into a fitting context, the following sections serve as a

short introduction and summary of the relevant literature connected to our research question

in this thesis.

2.1 Normalization layers in neural networks

2.1.1 Batch normalisation

As mentioned in section 7.2.1, the weights of a neural network are updated with subsamples,

also called batches, of the training data. Normalising the output of each layer by subtracting the

mean and dividing by the standard deviation computed across the batch empirically improves

convergence and generalisation performance. Different works [Bjorck et al., 2018, Santurkar

et al., 2018, Kohler et al., 2018] have shown that batch normalisation has a smoothing effect

on both gradient distributions and loss-landscapes. For a batch of n images with c feature

channels, the normalised output is:

x̃n,c = γc
xn,c − µc√
σ2
c + ϵ

+ βc, (2.1)

6
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where µc and σc are the mean and standard deviation computed over all spatial dimensions

and across samples of xn,c:

µc =
1

NHW

∑
N,H,W

xnchw, (2.2)

where γc and βc are additional learnable scalars and N , H and W correspond to number of

samples in the batch and height and width respectively.

2.1.2 Instance normalisation

Instead of normalising across all samples in a batch, in instance normalisation the mean and

standard deviation are computed for each sample individually:

µnc =
1

HW

∑
H,W

xnchw (2.3)

Its main application lies in style transfer [Johnson et al., 2016, Gatys et al., 2016, Huang and

Belongie, 2017], where global image characteristics (the ”style”) such as colour-distribution

and textural elements are transferred from a target to a source image, preserving the content

of the latter. In this scenario, normalising over the whole batch would fail to preserve these

image-level statistics.

2.1.3 Adaptive instance normalisation (AdaIN)

Instead of learning the affine parameters γ and β as parameters of the network, adaptive in-

stance normalisation (AdaIN) introduced by [Huang and Belongie, 2017] provides a mechanism

to insert statistics of an arbitrary input into the network layers via mapping it to γ and β.

Given two sources of input x and y, where x is fed through a neural network, an arbitrary

feature map f i in the i-th layer of the network can be conditioned on external input provided
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Figure 2.1: Excerpt from [Park et al., 2019b]. Left: architecture of SPADE: spatial input is
mapped to modulation feature maps γ and β via convolutional layers and ReLU-activations.
Right: generated image from semantic map fed into the network layers.

by y (e.g. an image with different style statistics):

f̃ in,c = γn,c(y)
xn,c − µn,c√
σ2
n,c + ϵ

+ βn,c(y), (2.4)

2.1.4 Spatially adaptive denormalisation (SPADE)

The affine parameters defined in the previous paragraph on AdaIN are scalars and depend on

external input y, providing a way to condition network outputs on y. Instead of only using

scalars, [Park et al., 2019b] instead introduce γ and β as spatially varying tensors that are

element-wise multiplied with the feature map. This allows to effectively condition on spatially

varying input such as segmentation maps, where granularity on the pixel-level is necessary.

Figure 2.1 illustrates the concept.

2.2 Generative models

In its most general form, a generative model aims to approximate a joint distribution p(x,y)

of data x and associated labels y of any shape and form. There is a wide range of direct

applications including content generation in form of text, images and video. However, learning

how to generate samples from an observed distribution over data can aid in learning structure
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Figure 2.2: Different normalisation schemes based on a typical tensor with shape (N, CH,
H*W), where N is the batch size, CH denotes the channels and H*W are height and width
from an unrolled two-dimensional tensor.

within it without relying on external supervision. Generative modelling can be a form of

unsupervised learning tapping into a huge reservoir of freely accessible unlabelled digitised

data through the internet. While there are many different approaches, it is helpful to structure

generative models into implicit and explicit density estimation as done in [Goodfellow, 2016].

Assuming a target data distribution p(x), explicit models define a parametric density pθ(x)

with parameters that can be directly optimised towards matching the target distribution, most

commonly via the maximum-likelihood approach. The idea is to maximise the likelihood of the

training data under the model distribution with respect to parameters θ:

θ∗ = argmax
θ

1

n

n∑
i=0

log(pθ(xi)) (2.5)

For complicated models with many parameters such as neural networks and high-dimensional

data such as images, computing that likelihood directly quickly becomes intractable. An alter-

native approach are implicit generative models, where a (typically low-dimensional) stochastic

variable z ∈ Rm from a prior distribution q is mapped to a target distribution via a deterministic

function fθ : Rm → Rn (e.g. a neural network):

xg = fθ(z
′), z′ ∼ q(z) (2.6)

The space in which the stochastic variable is defined is called a latent space and represents

a condensed, lower-dimensional representation of the typically high-dimensional data that the
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generative model is tasked to learn. If neural networks serve as a mapping between latent and

data space and back, this process is often hidden from our direct view and remains a black box.

Despite this however, recent works have shown surprising amounts of interpretability in the

structure of latent spaces of neural networks in the form of simple vector arithmetics [Radford

et al., 2015] and linear interpolations [Upchurch et al., 2016].

2.2.1 Generative adversarial networks

A particular class of neural-network based implicit generative models has achieved big leaps

in the generation quality of image and video data: Generative Adversarial Networks (GANs)

[Goodfellow et al., 2014a]. The general idea is the following: A so called generator network Gθ

maps a low-dimensional stochastic variable from some prior distribution (usually a standard

normal distribution) z ∈ Rm, z ∼ N (0, 1) to a sample x ∈ Rn of the generated distribution

pg(x). A second network D : Rn → R, coined the discriminator, maps either a sample from

the distribution pr(x) of real, observed data or the generated distribution to a scalar and

is trained to classify samples based on whether they come from either of the distributions.

The generator on the other hand acts as an ”adversary” in the optimisation sense and is

trained to maximise the cost function of the discriminator. In other words, the discriminator

is trained to distinguish real samples from generated ones, while the generator tries to ”fool”

the discriminator into classifying generated samples as real with random chance. This can be

formalised via a minimax game of the following cost funtion:

max
θ

min
ϕ

L = −1

2
Ex∼pr(x)[log(D(x))]− 1

2
Ez∼q(z)[log(1−D(Gθ(z))] (2.7)

Modified objectives

As argued in [Goodfellow, 2016], the cost function for the generator can produce gradients

approaching zero (and therefore stopping meaningful convergence via gradient-descent) when

the discriminator classifies generated samples as fake with high confidence. One alternative is
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Figure 2.3: Left: schematic overview of adversarial training including the generator and dis-
criminator networks. Right: Cost of the generator as a function of the discriminator output.
The original objective exhibits a very flat curve around 0, that is, when the discriminator rejects
generated samples with high confidence.

to flip the targets in the cross-entropy loss instead of the sign of the cost function:

LG = −Ez∼q(z)[log(D(Gθ(z))] (2.8)

It has been demonstrated empirically that this alternative objective improves convergence

[Goodfellow et al., 2014a]. Despite the improved quality of generated images, especially with

regards to sharpness compared to other models such as variational autoencoders [Kingma and

Welling, 2013] or autoregressive generation [van den Oord et al., 2016], GANs are plagued by

a different set of problems:

• Mode collapse: The assumed probability distribution over natural images is multi-

modal, i.e. there are several regions where a lot of probability mass (relative to the

support of the distribution) is concentrated around. Adversarial training often leads to

a phenomenon coined mode collapse in which the generator defaults to only produce

samples from one of these modes. In practice this leads to a lack of variety of generated

samples compared to the empirical distribution. In severe cases, it might even lead to the

generator mapping all samples of the latent variable to the same image.

• Unstable training dynamics: GANs are notoriously difficult to train depending on

which distribution should be learned. Oftentimes the discriminator overpowers the gen-

erator and achieves near perfect classification very early in training despite the modified
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Figure 2.4: Left: Standard and StyleGAN architecture Karras et al. [2018]. The latent variable
is mapped to a ”style” vector that is fed into every layer. Right: modification to the StyleGAN
architecture. Progressive growing is replaced by skip connections. ”Up” denotes an upsampling
operation to match resolutions between outputs.

objective or training does not converge to a meaningful output.

There is a rich set of literature on addressing both of these issues in GANs [Arjovsky et al.,

2017, Nguyen et al., 2017, Mao et al., 2016, Metz et al., 2016, Miyato et al., 2018], but neither

can fully alleviate them. In fact, it has been observed in many experiments that sample quality

and diversity are inversely related and require a trade-off [Karras et al., 2018].

StyleGAN

Alongside improvements on the cost function and different normalisation schemes, one par-

ticular modification of the architecture of the generator network has led to big improvements

in generated image quality. StyleGAN [Karras et al., 2018] borrows the mechanism of Adap-

tive Instance Normalisation (AdaIN) (see 2.1.3) to inject the latent code into each layer and

enabling fine-grained control over the generation process at different scales. Different from

[Goodfellow et al., 2014a], the upscaling pathway starts with a learnt constant and the learning

process is stabilised by progressively growing the spatial resolution of the output during train-

ing. Another iteration of this architecture [Karras et al., 2019b] replaces the memory-intensive

progressive growing of the resolution with an efficient approach based on skip-connections as

outlined and motivated in 7.2.4. The final output is a sum of upsampled images extracted from

all intermediate resolutions of feature maps throughout the network.
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Figure 2.5: Principle of inversion: an input image is mapped into the latent space such that
the code results in the same input image when passed through a trained generator network.

Inversion

Inversion, i.e. the reverse mapping from image data to the latent space of the generator network,

is an important sub-discipline with many applications in image editing, novel-view synthesis

or segmentation. The general principle is displayed in Figure 2.5. After training a generative

model, an inversion attempts to map an image to a vector in the latent space of the model,

such that it produces the given image in a forward pass through the generator. Given that

the structure of the latent space allows for semantic editing, the vector can be changed and

mapped back via a forward pass through the generator , leading to local or global changes

of certain aspects of the input image. The StyleGAN-architecture in particular has sparked

many works attempting inversion and aiming to achieve both faithful image reconstruction and

semantic editability [Abdal et al., 2019, Richardson et al., 2020, Alaluf et al., 2021]. Methods

can be roughly categorised into two streams, direct iterative optimisation of the latent variable

and encoder-based approaches. While the former yields accurate reconstruction results, it is

more time-consuming due to its iterative nature. Encoder-based methods only require a single

pass through an encoder that maps from image to latent space and are therefore very fast

and efficient, but the faithfulness of the reconstructed image to the original is generally lower.

Still, due to their fast inference encoders remain the preferable option and we will continue the

discussion in that direction.

The StyleGAN architecture (see Figure 2.4) offers several different options for an attempted

inversion mapping: the latent space Z before the mapping through the MLP, the so called

style-space W where the style-vector is fed into each layer via adaptive instance normalisation

and an extended style-space commonly referred to as W+, in which the single style vector w is
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extended to a set of style vectors {w1, ...,wn} for each of the n layers in the generator network.

In some methods, the weights of the generator network stay fixed during training of the encoder

network, in others they are additionally fine-tuned.

2.3 Image-based human motion analysis

Human motion analysis in general encompasses the localisation and tracking over time of spe-

cific points or sections that are part of the human body. There is a wide range of applications

including motion capturing for animated content, kinematic analysis of sports-related move-

ments both at the recreational and professional level, medical diagnosis, surveillance as well

general understanding of human behaviour [Aggarwal and Cai, 1999]. The amount of methods

and tools for the measuring process is not limited to imagery, but includes wearable optic and

magnetic markers of varying degrees of sophistication and depend on the specific use-case and

the resources available. Marker-based approaches remain the most accurate and reliable, but

come with greatly increased cost and very limited scalability in terms of data acquisition. They

require a complex procedure including fitting wearable sensors, sometimes even wired, and con-

necting them to the measurement unit. This greatly increases the overall cost and resources

involved and, combined with the limited amount and the overall weight and dimensions of gear,

leads to a restriction to a local setting.

In contrast, image-based tracking only requires a person and a consumer-grade camera, which

nowadays can be found in the pocket of nearly every person around the globe as a stan-

dard component of a smartphone. Due to recent performance leaps in computer-vision and

overall computation power even in hand-held devices, more and more challenges previously

deemed impossible to tackle without wearable sensors due to challenging poses, occlusion or

non-standardised measuring environments have become or are in the process of becoming fea-

sible candidates for markerless, image-based approaches.
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2.4 Image-based human pose estimation

Human pose estimation refers to landmark detection applied to human anatomy and is the main

tool for motion analysis. Once landmarks have been localised with sufficient accuracy, many

of the tasks and applications described in the previous section follow. In general, image-based

human pose estimation aims to find a set of points {pi} in two- or three-dimensional space

given an input image x that correspond to anatomical landmarks of interest. Most commonly,

these coincide with joints in the human skeleton including wrists, ankles, shoulders and hips,

but can change depending on the definition. Common locations where datasets differ from one

another are the exact locations of landmarks around hands and feet.

In this thesis we restrict the problem of predicting the 2D pose of a human from a single 2D

RGB image as a pose recognition task.

2.4.1 Fully supervised pose estimation

Fully supervised models rely on carefully annotated data, which is available for narrow fields

of applications, e.g. MS COCO keypoints [Lin et al., 2014], MPII Human Pose database [An-

driluka et al., 2014], Human3.6M [Ionescu et al., 2014a] or LSP [He et al., 2016b]. Methods

utilising these datasets are usually trained without additional priors due to the abundance of

direct labels. CNNs have shown evidence to be powerful estimators for keypoints [Toshev and

Szegedy, 2014] and their uncertainties [Tompson et al., 2014]. Confidence heatmaps are pop-

ular for scenes where a single pose needs to be estimated [Belagiannis and Zisserman, 2017,

Bulat and Tzimiropoulos, 2016, Carreira et al., 2016, Newell et al., 2016b, Pfister et al., 2015,

Tompson et al., 2015, Wei et al., 2016] or multiple poses at once [Cao et al., 2017, Insafutdinov

et al., 2016]. Our framework does not use existing image annotation to learn a pose prediction

model.
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2.4.2 Weakly- and unsupervised human pose estimation

A note on terminology

Unsupervised and self-supervised learning Throughout this thesis and in fact in all

the related literature, the terms unsupervised and self-supervised learning are often used in-

terchangeably. We will make use of the broadest and most general definition for unsupervised

learning, which is learning or extracting patterns from unlabelled (that is without labels pro-

vided by some form of human input) data. Within that definition, self-supervised learning can

be viewed as a form of unsupervised learning in which labels come from the inherent structure

of the input data itself, and most often come with an associated prediction task and a cost

function to minimise. This training signal then serves as a proxy for learning powerful rep-

resentations for later fine-tuning on downstream applications or directly performing a related

prediction task that the model has learned to perform from the first task. While the term

unsupervised learning is clearly more general, the differences to self-supervision remain blurry.

For example, most experts would categorise autoencoders as an unsupervised learning approach

for dimensionality reduction, but it also fits quite well into our definition of self-supervision:

the input data itself serves as a label, while the reconstruction from a representational bottle-

neck is a proxy task for learning condensed representations. For this reason we make no such

distinction between the terminologies in the subsequent literature review.

Weakly supervised learning

As discussed earlier in this chapter, machine-learning approaches can be divided into sub-

categories defined by the amount and type of labels they require in order to be trained. Weakly

supervised and unsupervised methods including self-supervised approaches have grown in popu-

larity due to their efficiency in dealing with limited ground truth data. This becomes especially

important when there are no large public datasets available for the target domain.

We restrict our literature review to weak supervision or no supervision, when only partial or no

annotations are available or when models are transferred to a new domain. In the context of
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human pose estimation we count methods as either weakly or unsupervised if they make no di-

rect use of manual pose landmarks during the training phase. The question when a method can

be referred to as weakly supervised or unsupervised remains debatable, especially since many

algorithms rely on certain preprocessing steps such as image cropping according to a bounding

box containing the human, which is why again we do not make this distinction explicit.

[Zhang et al., 2018b] introduce an convolutional autoencoder architecture and represent pose

landmarks via the grid coordinates of the maxima of spatial heat maps produced by the neu-

ral network. They introduce a number of constraints including locality, separation between

peaks as well as equivariance under image transformations. Lorenz et al. [2019b] develop the

concept of autoencoding further by disentangling object appearance and shape through ad-

ditional invariance constraints and introduce more complex image transformations, including

thin plate-spline image warping.

A key problem in both these approaches is the fact that discovered landmarks do not follow

common conventions inspired by human anatomy, i.e. ankles and joints, and vary profoundly

by method. To tackle this, both make use of a linear classifier that is trained with manual pose

landmarks in order to map the model output to said convention. They additionally make use

of segmentation masks available in some of the datasets to remove background from the image

during training and inference.

[Jakab et al., 2018] propose to learn a pose representation via conditional image translation.

By leveraging the extracted pose representation and given another frame containing the same

person in a different pose they task the model to reconstruct the original image. However, a

pixel-wise reconstruction loss does not encourage meaningful, low-dimensional representations.

To avoid the model from simply encoding pixel information similar to an autoencoder, a repre-

sentational bottleneck in the form of k tuples of (x, y) coordinates transformed to 2D Gaussian

heat maps is introduced. This enables unsupervised pose landmark detection provided that

the background remains static. However, the extracted landmarks follow no common conven-

tion and are difficult or impossible to interpret. To tackle this, [Jakab et al., 2020b] further

propose the introduction of a fully differentiable skeleton representation following common hu-

man pose landmarks via a distance field from line segments between points and an exponential
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fall off. However, adversarial training with unpaired pose labels is required as a form of weak

supervision to drive the model towards anatomically plausible pose representations.

[Kundu et al., 2020a] proposed to use an energy-based optimization approach combined with

a part-based shape template to estimate 3D poses in images with varying backgrounds. The

method produces impressive results but still relies on a set of unpaired real 3D pose labels.

Others propose methods to match pairs of images of an object, but sacrifice geometric invariants

such as keypoints to achieve this [Kanazawa et al., 2016, Rocco et al., 2017, Shu et al., 2018].

Sparse and dense landmarks are introduced by [Sundermeyer et al., 2018, Thewlis et al., 2017b,

2019] in the unsupervised context. Synthetic views of 3D models like in [Sundermeyer et al.,

2018, Hesse et al., 2015] can be additional sources for weak supervision.

In summary, while all of the above methods either reduce or entirely remove the need for image

and manual landmark pairs during training, all of them make use of weaker supervision signals

such as a linear mapping to anatomically meaningful pose convention during inference, unpaired

pose labels from different datasets or by using off the shelf human segmentation models.

2.4.3 3D pose estimation

Monocular 3D pose estimation Inferring 3D pose from monocular images remains a chal-

lenging problem because it is ill-posed. Generally, there is no unique solution for finding points

in 3D that project onto given 2D landmarks. But the solution space can be reduced by making

use of additional cues in the image or video such as motion or multiple views from synchro-

nised cameras or introducing prior knowledge about the hierarchical part based structure of

the human body.

Lifting from 2D to 3D Many works break down the problem into first estimating 2D pose

and subsequently estimate 3D pose either directly [Martinez et al., 2017a], by leveraging self-

supervision through transformation and reprojection [Li et al., 2020] or a kd-tree to find corre-

sponding pairs of detected 2D pose and stored 3D pose [Iqbal et al., 2018].
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Figure 2.6: Left: estimation of 2D pose on an image from the Human3.6m dataset [Ionescu
et al., 2014b]. Right: 3D-pose estimation from a picture of a moving infant from a dataset
collected in cooperation with clinical partners. Note that the infant is simultaneously filmed
and also connected to a magnetic tracking system via markers placed on the body-locations of
interest.

Motion cues from video Videos provide a rich source of additional temporal information

that can be exploited to limit the solution space. [Lin et al., 2017], [Katircioglu et al., 2018],

[Hossain and Little, 2018] and [Kocabas et al., 2020] use recurrent architectures in the form of

LSTMs or GRUs to incorporate temporal context while [Pavllo et al., 2019] employ temporal

convolutions and a reprojection objective.

Multiple views Other approaches incorporate images from multiple, synchronised cameras to

alleviate the ill-posedness of the problem. [Pavlakos et al., 2017], [Tomè et al., 2018] and [Qiu

et al., 2019] fuse multiple 2D heatmaps while [Rhodin et al., 2018a] and[Rhodin et al., 2018b]

utilize multi-view consistency as a form of additional supervision in the objective function.

2.5 Pose estimation in medicine

Pose estimation provides a tool to capture and analyse the kinematics of human movement,

which in turn can be a valuable bio-marker for the diagnosis, management and prevention of

diseases or injuries affecting the human motion apparatus [Stenum et al., 2021]. Examples

include abnormal gait detection for the management and detection of stroke [Ferraris et al.,

2021] or dementia [Kondragunta and Hirtz, 2020], prevention of work-related injuries [Han and

Lee, 2013, Mehrizi et al., 2018] or early assessment of neural development in newborns [Prechtl,
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2001]. However, ground truth generation for training supervised machine learning models is

laborious and often limited to a narrow domain, for example, standard poses of healthy adults.

In the medical field with limited demand or special requirements, extensive labelling efforts

are often not justified. Moreover, key point definitions may vary according to diagnostic aims

and body shapes might not comply with the learned expectations from a standard training set.

Indeed, motion tracking has a variety of applications in medicine, for example to examine the

progression of neurological disease and to evaluate treatment success [Kontschieder et al., 2014],

the assessment of injury [Bae et al., 2009] or for the early diagnosis of impaired neurological

development in infants [Teitelbaum et al., 1998b, Ferrari et al., 2002b]. None of these applica-

tions allow for excessive data collection and annotation, often because of a limited number of

subjects, restrictions on recording in the clinical environment and economical considerations.

2.5.1 Quantifying infant movement

While young infants move spontaneously and without conscious control, the overall pattern

or quality of these random movements evolves significantly over the course of the first few

months after birth and is a sign for normal and healthy neurological development. A deviation

from this trajectory on the other hand is believed to be indicator for adverse conditions af-

fecting neurological and sensorimotor function later in life [Hadders-Algra, 2014]. Anencephaly

[Hadders-Algra, 2014] and Cerebral Palsy (CP) [Ferrari et al., 2002a, Einspieler et al., 2012]

have been linked to abnormal movement, while other studies suggest links to Autism [Teitel-

baum et al., 1998a, Doi et al., 2023] as well. Existing methods for assessing infant movement

such as the General Movements Assessment (GMA) [Prechtl, 1990] are very time consuming

and resource-intensive, and therefore are not part of the clinical routine, delaying the diagnosis

of conditions such as CP significantly. A very early diagnosis and intervention however, are be-

lieved to significantly improve the affected children’s quality of life due to the greater plasticity

of young brains [Novak et al., 2017].
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Figure 2.7: Excerpt from [Einspieler and Prechtl, 2005] displaying the assessment outcomes of
several videos of a longitudinal study.

GMA

GMA involves filming moving infants for a period between 30 to 60 minutes, selecting roughly

three sequences of movements making up between 5-10 minutes and classifying them into differ-

ent categories. This procedure is ideally repeated 4-7 times throughout the first months of the

newoborn’s life in order to judge the developmental trajectory and overall risk for CP. Figure 2.7

displays an example measurement trajectory of GMA on an assessed infant. While guidelines

and workshops have been put into place to standardise the testing environment and conditions,

the selecting and rating of appropriate sequences remains somewhat subjective and depends

largely on the experience of the judging expert. Additional, more fine-grained score-based test-

ing such as the general movement optimality score (GMOS) [Einspieler et al., 2016] have been

suggested in order to better measure the subtleties beyond broad movement categories, which

might be necessary to assess the impact of intervention more accurately. Computer-aided meth-

ods offer great potential to automate many components in this diagnostic pipeline including

data selection in the form of efficient video summarisation or supporting experts in their rating

with quantitative and detailed movement tracking and analysis.

Quantitative, computer-aided methods

In previous work, marker-based approaches relying on optical [Airaksinen et al., 2020] or elec-

tromagnetic [Karch et al., 2008] tracking have been utilised to track motion in infants. However,
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these methods rely on clinical specialists, expertise, often costly equipment and a substantial

amount of manual preparation and calibration. Different marker-less approaches have been

proposed based on optical flow [Stahl et al., 2012] or particle matching [Rahmati et al., 2015].

With the advent of compact and cheap cameras with integrated depth sensors, several more

recent works combine images and depth information with random fern classifiers [Hesse et al.,

2015], a deformable parts model [Khan et al., 2018] or by employing a parametric shape model

[Olsen et al., 2014, Hesse et al., 2018b]. More recently, methods based on pose tracking and

body-part parsing with CNNs have been proposed [Abbasi et al., 2022, McCay et al., 2020].

2.6 Modelling the human body

2.6.1 2D body-models

Geometric primitives There is a rich set of literature on body models in computer vision, as

human anatomy presents a natural prior that can be exploited to solve human pose estimation

and segmentation tasks. Early works [Felzenszwalb and Huttenlocher, 2004, Andriluka et al.,

2009a, Zuffi et al., 2012] make use of the pictorial structures model [Fischler and Elschlager,

1973], where arbitrary objects including humans are modelled as a collection of deformable

geometric primitives such as rectangles and are connected pair-wise. A matching function

depending on hand-crafted features and some measure of deformation between connected parts

is minimised. [Jakab et al., 2020a] make use of a distance-field function to map from 2D-point

coordinates to a skeleton representation. [Kundu et al., 2020a] manually define 2D-parts and

connections that can be transformed via affine mappings to match a given pose in an image.

Contours Active shape models [Cootes et al., 1995, Freifeld et al., 2010] are another popular

approach where a low-dimensional representation of points populating an extracted contour of

a number of training examples is found via Principal Component Analysis. Variations in shape

are modelled via the first n modes of the principle components, and unseen image contours are

fitted into the model-subspace via least-squares.
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Figure 2.8: Excerpt from [Fischler and Elschlager, 1973]. Left: Pictorial Structures Model with
connected parts, right: body model fitted to image.

2.6.2 3D-body-models

When it comes to modelling the human body in 3D, the field of computer vision intersects with

computer graphics, a discipline concerned with synthesising digital images based on modelling

objects and their interactions with light in 3D. In contrast to digital images, where information

is stored and modelled via pixels, there is a wide range of different ways to model content in

3D, which is also reflected in the number of different representations used in computer vision

applications.

Mesh-based models widely used in computer graphics have been adapted for computer

vision. The object is represented by a mesh, which is a collection of vertices (coordinates de-

noting a position in 3D as well as holding other information including colour, normal vector and

texture coordinates) that are connected by edges and are organised into closed sets called faces,

which, in the simplest and most widely-used scenario, represent triangles. In the rendering

process, the mesh is mapped back to two-dimensional image-pixels by a process called rasteri-

sation. Models such as SCAPE [Anguelov et al., 2005] and SMPL [Loper et al., 2015a] make use

of triangle meshes in combination with linear skinning, a procedure to tie a group of vertices

of a surface to a specific body joint defined in an underlying skeleton structure via a linearly

weighted influence of neighbouring bones (connections between joints). Furthermore, identity-

and pose-dependent surface deformations are learned separately from one another via Principal

Component Analysis from a reference dataset of varying body shapes and poses. Compared to
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pictorial structures and silhouette matching, these models are a lot more expressive and are in

principle capable of mimicking very detailed, non-rigid deformations of a person’s skin in 3D

dependent on pose. Many works such as [Kanazawa et al., 2018], [Kolotouros et al., 2019] and

[Kocabas et al., 2020] make use of SMPL. [Xu et al., 2020] leverage kinematic constraints to im-

prove their predictions while [Kundu et al., 2020b] leverage a forward kinematics formulation in

combination with the transformation of a 2D part-based template to formulate self-supervision

in form of image reconstruction similar in some ways to our approach.

Dense body-part-maps Given a segmentation or silhouette of a human figure in an image,

the human body can be modelled in a more accurate fashion via dense correspondence, i.e.

assigning each pixel within the segmentation boundary to a predefined body part. [Shotton

et al., 2011] demonstrate that this division into separate body parts can improve 3D pose

estimation with random forests on depth images when being introduced as an intermediate

step. This seminal work was a key component of the Kinect sensor developed by Microsoft,

a small consumer-grade device equipped with RGB as well as depth cameras capable of real-

time gesture recognition and 3D human pose estimation. While the Kinect has originally

been introduced as a motion controller system for a video game console, it has also been used

extensively in computer vision research.

[Güler et al., 2018] predict the correspondence between pixels on an image of a human and

the 3D surface of a SMPL body [Loper et al., 2015b] by regressing UV coordinates via a

convolutional neural network. in a fully-supervised and end-to-end setting. The ground truth

coordinates are obtained via a elaborate annotation pipeline involving human annotators and a

number of predefined points on the surface. The authors also make use of several intermediate

steps including a first coarse classification of each pixel into one of 24 body parts followed by

a finer localization within that body part via the UV coordinates. Similar to [?], introducing

an intermediate body part model as part of a divide-and-conquer-type strategy improves the

performance of downstream tasks including pose estimation.
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Figure 2.9: Excerpt from [Loper et al., 2015b]. Different rendered body configurations with
different shapes and in different poses.

Voxel-based models Another common explicit 3D-representation comes in the form of vox-

els [Jackson et al., 2018, Varol et al., 2018, Zheng et al., 2019], where, analogous to the pixel

representation of images, 3D-space is partitioned into a regular grid of cells (voxels), and an

object is defined by assigning these voxels and defining their properties. The granularity or res-

olution of the representation is determined by the voxel size. While straightforward for neural

networks to work with, the growth in required memory storage is cubic and quickly becomes

impractical for a larger number of voxels.

Implicit surface models defined by signed distance functions [Park et al., 2019a, Chen and

Zhang, 2018], or occupancy fields [Mescheder et al., 2018b] parameterised by neural networks

in combination with fully-differentiable rendering techniques have enabled end-to-end learning

of 3D-representations of objects from a collection of 2D images.

Neural Radiance Fields [Mildenhall et al., 2020], where an individual object or scene is

represented by a radiance field parameterised by a neural network, have further improved

performance on 3D object reconstruction.

Both implicit surface models and neural radiance fields have sparked a number of recent works

that utilise these representations in 3D human body reconstruction [Mildenhall et al., 2020,

Kwon et al., 2021, Su et al., 2021, Jiang et al., 2022, Wang et al., 2022].
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2.7 Summary

In this chapter we have introduced various concepts including normalisation layers for neural

networks, generative adversarial networks, weakly, self- and unsupervised learning as well as

human pose estimation and various approaches for modelling the human body. The following

chapters will focus on the scientific contributions of this thesis, where the aim is to extract

human pose from images with the least amount of weak supervision as possible via a very simple

model of the human body combined with two different self-supervision tasks: conditional image

translation as well as generative modelling.



Chapter 3

2D-Pose Estimation Via Differentiable

Shape Templates

3.1 Introduction

As outlined in the overall introduction, the technical focus of this thesis lies in the following

question: Can we extract and learn the decompositionality of the human anatomy into con-

nected parts from images without relying on supervision through manual labels? If we are

able to gain knowledge about the location of these body parts and their relationship with each

other from an image, downstream applications such as pose estimation and tracking as well as

body-parsing and their subsequent applications in engineering and technology become possible

naturally. As briefly touched upon in 2.4, the location of pose landmarks in an image are

flexible and depend on the dataset and application. For point-based supervised methods, this

means having to re-train the model on a new set of landmarks if the definition changes with the

application. One big advantage of a body model is that changing it to alternative landmark

positions requires no additional training effort, as, depending on the fidelity of the model, it

captures many possible locations on the surface of the human body by design. For example,

there may be a need to identify either the wrist or the palm of the hand, necessitating retraining

or increasing the amount of labels and therefore the overall annotation cost and effort.

27
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As described in 7.1, self-supervised learning is a popular strategy that relies on finding and

training to predict labels that are inherently part of the data itself. One way to learn pose

is to model it as a factor of variation in different images of the same person combined the

task of image translation or reconstruction. The following content of this chapter is based

on [Luca Schmidtke and Kainz, 2021] and exploits a simple body-model based on connected

geometric primitives combined with self-supervision to find human-interpretable 2D-pose land-

marks from single-camera images without relying on manual labels for training.

3.2 Contextual overview

As outlined in 2.3, human pose estimation is motivated by a wide range of applications including

motion capture, visual surveillance and robot control, a continuous effort has been put into

generating datasets and models where a manually annotated ground truth pose and key points

are available as labels for full supervision. These are currently the most attractive approaches

for industrial applications due to their promise of higher accuracy.

As described in the literature review in the previous chapter, unsupervised and weakly super-

vised pose estimation methods can reduce the manual labelling effort, which is an important

factor in the medical domain where annotations are expensive and hard to come by due to

privacy concerns. One prominent modelling approach is to decompose images into appearance,

which encodes individual differences such as clothing or body height and pose, describing the in-

dividual’s positioning and configuration of limbs and joints with a canonical latent code [Jakab

et al., 2018, Lorenz et al., 2019b, Kundu et al., 2020a]. In this context, self-supervision tasks,

such as image reconstruction or translation, have been shown to be powerful tools to estimate

pose as a factor of variation across images instead of relying on strong, manual supervision

signals.

We therefore aim at learning the 2D geometry of object categories such as humans and in-

fants with no additional supervision. We exploit the structured information provided by raw

videos of continuous pose changes and propose to control inductive bias directly for arbitrary



3.2. Contextual overview 29

object categories through the manual definition of very simple templates. Thus, we intend to

automatically learn a neural representation that, once trained, can predict the 2D pose from a

single input image. We show that if such a 2D pose prediction is accurate and compliant with

an expected shape prior, these estimations can be extrapolated to 3D poses with a lower error

than other existing methods.

We present a method for the unsupervised estimation of 2D keypoints requiring only a simple

template and an unannotated video of a single human performing actions in front of a static

background to learn a meaningful pose representation. Inspired by previous work [Jakab et al.,

2020b], where this problem is framed as a conditional image generation and translation ap-

proach, pose information is utilised to recover a particular frame of a video from any other

randomly chosen time-point. Despite the effective use of self-supervision and representational

bottleneck, this approach still requires another prior in the form of unpaired labels and intro-

duces susceptibility to domain shift if these labels come from a different dataset. Our model

however does not require an additional dataset of unpaired 2D pose examples and relies solely

on a simple 2D template consisting of connected body parts modelled as 2D Gaussians. The

update of these Gaussians can be learned as affine transformations. Even though images are

2D representations of 3D information, affine transformations allow to model all possible pro-

jected configurations of body parts. Motivated by part-based approaches such as [Zuffi and

Black, 2015] we introduce anchor-points in order to enforce connectivity between body parts

and regularise model training and prediction.

In summary, we make the following contributions:

• We introduce a conceptually simple but effective method to learn 2D human-interpretable

keypoints based on transforming a single manually defined 2D template.

• Our proposed approach is capable of performing 2D human pose estimation without any

additional need for labeled data, either paired or unpaired.

• We demonstrate the high adaptability of our approach by evaluating it on benchmark

data and in the wild on a challenging infant pose estimation dataset.
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Figure 3.1: Left: Cot in the hospital with mounted setup of an Azure Kinect RGB-D cam-
era connected to a tablet for the storage and monitoring. Right: colour image with labelled
landmarks in green and corresponding depth-channel image.

3.3 Data collection

As part of this project, data was collected in form of RGB-D videos of moving infants in the

postnatal ward of St. Thomas’ Hospital in London. All data was acquired and shared with

ethics approval in relation with EPSRC grant EP/S013687/1. All subjects were recruited from

consenting parents. Figure 3.1 displays the setup in the hospital. An Azure Kinect RGB-D

camera is mounted onto a hospital cot via a flexible camera mount.

Labelling was performed with Labelbox [lab, 2021], an online fully-configurable labelling-

tool. In total, three annotators marked the spatial position of the following landmarks (2 for

each side): hips, shoulders, elbows, knees, ankles and wrists. In total, around 2000 images from

24 subjects were labelled in this way. The labels are subsequently used for training our fully

supervised upper bound and for testing all methods displayed in table 3.3.

3.4 Method

In this section we present our proposed method. We extend the concept from from [Jakab

et al., 2020b] and formulate a self-supervision task by tasking our model to reconstruct an

initial frame ft conditioned on an estimated low-dimensional pose representation p̃t. On a high
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Figure 3.2: Method overview. Left: Template consisting of connected blobs defined by a
Gaussian function. Red dots denote anchor points. Right: Conceptual overview of the method.
We define a part-based human puppet template and predict the transformation parameters to
estimate the pose for an input frame
.

level, our method is composed of two modules. The first network φ, given the initial frame

ft and a template T consisting of 2D Gaussian heatmaps of human body parts, extracts an

estimate p̃t of the true pose pt represented by a spatial arrangement of different body parts.

The second module is an encoder-decoder network ϕ which receives as input the previously

extracted pose together with a frame ft+k containing the same person in a different pose pt+k,

and tasked to reconstruct the original frame ft.

f̃t = ϕ(ft+k, p̃t) (3.1)

p̃t = φ(ft,T) (3.2)

The pose representation p̃t is found by optimising the model to encode all necessary information

to recover the original pose whilst enforcing representational constraints to avoid the encoding

of low-level image features.

3.4.1 Template and anchor-points

Inspired by [Kundu et al., 2020a] and [Zuffi and Black, 2015], we design a human template as

shown in Figure 3.3 that consists of 18 body parts in an effort to represent human anatomy

(forearm, torso, head, etc.). Instead of transforming this template according to previously found
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Figure 3.3: The network φ regresses transformation parameters for the pose template, the
decoder ϕ reconstructs this image from another video frame and the transformed template,
which it can only achieve if pose information is propagated via the template.

keypoints in the image, we directly estimate the transformations and make use of the template

as a strong prior. Each part is characterised by its central position (x0, y0) surrounded by a 2D

Gaussian with variance (Varx, Vary). We pre-define the mean and variance of each Gaussian

for all body parts in an effort to represent the length and width of the individual parts. Hence,

we are able to model a canonical T-pose as shown in Figure 5.3. This pose was chosen because

it roughly represents the mean of possible pose configurations. Each representation of a body

part l ∈ Rh×w is saved in an individual channel resulting in a tensor of shape (B,K,H,W )

where B is the batch size, K the number of body parts and H,W are width and height of the

input image.

For each body part lj in our template T we define Nj (up to three depending on which part)

anchor points aj
i ∈ R2 in image space, with j = 1, ..., K and i = 1, ..., Nj. Our template design

and the resulting anchor points coincide with the most commonly used landmark definitions

for human pose estimation. However, the detected landmarks can be easily changed by simply

choosing different points on each body part.
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3.4.2 Pose extractor

The network φ : R3×h×w → Rk×3×3 is implemented as a fully-convolutional neural network

followed by a fully-connected layer. An image ft is passed through a series of down-sampling

convolutional layers and mapped to a pose representation described by the parameters of affine

transformations Θk ∈ R3x3 for each k-th body part from the original template:

Θ =


θ1,1 θ1,2 tx

θ2,1 θ2,2 ty

0 0 1

 , (3.3)

where tx,y represent the translations across the two dimensions and θ correspond to rotation,

shear, and scale. Each part of the template is then warped by its corresponding transform,

resulting in T′ = (ϑ0(l0), ..., ϑk(lk)), where ϑi is the corresponding transform for each Θi.

3.4.3 Image translation module

The network ϕ : R3+k×h×w → R3×h×w receives a different frame ft+k along with the trans-

formed template T′ concatenated along the channel dimension and outputs another image f̃t

following an encoder-decoder pathway. Intuitively, this network learns to implicitly disentangle

content (i.e., person identity) and pose in an image and transforms the content according to

the conditioning pose.

3.4.4 Training objectives

Our training objective is split into three parts: A reconstruction loss is associated with the

image translation module while a boundary and an anchor loss guide the training of the pose

extractor network.
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Reconstruction loss The main loss component in our method is the reconstruction objective

between the original frame ft and the output of the image translation network ϕ. Similar to

[Jakab et al., 2020b], we found it to be beneficial to use a perceptual loss with a pretrained

VGG network in order to stabilize training:

Lrecon = ||ψ(f̃t)− ψ(ft)||11, (3.4)

where ψ(f) are feature vectors extracted from a frame by the VGG network and f̃t the output

of the image translation network.

Anchor-point Loss Each anchor point is being transformed by the corresponding body part

transform: ãj
i = Θja

j
i . In order to enforce connectivity between body parts, we define a set

A = {(ãl
j, ã

m
k )|l ̸= m} containing all pairs of transformed anchor points which we require to

have the same position. Lastly we compute the mean squared L2 distance of the two points

over all tuples:

Lanchor =
1

M

∑
ãl
j ,ã

m
k ∈A

||ãl
j − ãm

k ||22, (3.5)

where M = number of anchor point pairs.

Boundary loss Additionally, we found it beneficial for convergence and to prevent the net-

work from outputting transformation parameters leading to a translation of the template shapes

out of the image boundaries to enforce the anchor points to be contained within the image:

Lbx =


|aji,x|, if |aji,x| > B

0, otherwise,

(3.6)

where aji,x is the x-coordinate of the anchor point in pixel space and B corresponds to the size

of the (quadratic) image. The loss Lby for the y-component is analogous.
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Combined Loss Formulation In summary our training objective is expressed as

L = Lrecon + λ1 Lanchor + λ2 (Lbx + Lby). (3.7)

Training Our whole model including all subnetworks is trained in an end-to-end manner.

For sampling pairs, we define a course grid and corresponding bounding boxes based on the

supplied masks and select frames from the same bounding box to ensure a static background.

Note, that the hyper-parameters λ1, λ2 are empirically tuned.

3.5 Experiments

We evaluate our approach on two different datasets, Human3.6m and an infant dataset from

clinical practice. We compare our method to results with various degrees of supervision, as

reported in recent literature. Additionally, we performed an ablation study to demonstrate the

effectiveness of our proposed anchor and boundary losses.

Human3.6m is an industry standard dataset for human pose estimation [Ionescu et al.,

2014a] containing 3.6 million images with corresponding 3D and 2D landmarks and captured

with different actors in a controlled studio environment with a static background.

Infant Dataset A proprietary clinical dataset of videos of 24 moving infants captured in

their cod. Details are provided in section 3.3.

Moving infants in RGB-D (MINI-RGBD) consists of 12 synthetically rendered move-

ment sequences of infants with different body shapes and backgrounds introduced in [Hesse

et al., 2018a]. This public dataset was designed to cover challenging and diverse movements

and overall contains 12k video frames together with various label information including land-

marks and masks. We introduce this dataset to demonstrate the issue of domain shift when
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using these labels as an additional prior when making quantitative comparisons to [Jakab et al.,

2020b].

3.5.1 Evaluation procedure

Human 3.6m In order to make our results comparable to recent literature with regards to the

Human3.6m dataset, we adopt the evaluation strategy from [Lorenz et al., 2019b, Zhang et al.,

2018b]. The model is trained on subjects 1,5,6,7,8 and tested on subject 9. We restrict the

performed actions to {direction, discussion, posing, waiting, greeting, walking} during testing

in order to ensure mostly upright poses, resulting in a total of 80k images for testing. 16

landmarks are predicted and compared with the ground truth. More results can be found in

the supplemental material. The comparison methods make use of the supplied estimated rough

person masks and substract the background. We did not perform this extra preprocessing step.

Many proposed unsupervised or weakly supervised methods require an additional post-processing

step and direct supervision via ground truth 2D keypoints. Most use a linear regressor, in order

to output human-interpretable landmarks. Our approach returns interpretable landmarks in

form of anchorpoints by design. These anchorpoints also coincide with the most commonly used

landmark definitions, since they are placed around the joints that act as connectors between

limbs.

Clinical and MINI-RGBD infant datasets As an upper-bound, we fine-tune a fully su-

pervised ResNet based network [Xiao et al., 2018b] pretrained on both ImageNet and adult

poses from MPII Human Pose [Andriluka et al., 2014] with roughly 2000 labelled frames from

20 of our 24 subjects from the clinical infant dataset. All self-supervised methods that do not

require paired labels during training are trained on all video frames from the 20 subjects of

the train split and are evaluated on the remaining four of the test split, resulting in a total of

290k unlabelled training and 471 manually labelled test images. For further comparison, we

implemented and trained the method proposed by [Jakab et al., 2020b] on our clinical infant

images combined with unpaired poses from the synthetic MINI-RGBD infant dataset [Hesse
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et al., 2018a] in order to demonstrate the method’s susceptibility to domain shift. 12 landmarks

are predicted and compared with the ground truth.

3.5.2 Results

Human 3.6m For adult pose estimation, we summarise our results in Table 3.2. As expected,

none of the self-supervised methods perform as well as the supervised upper bound due to the

lack of labels. All prior work makes use of paired or unpaired manual annotations in some

capacity. Despite the complete lack of such annotations, our method performs competitively

on the same task while only requiring the template. Our model is also able to predict landmarks

for difficult poses such as sitting on a chair, as can be seen in Figure 3.4. Errors are largest

when self-occlusion occurs. In the most severe cases, when a person is facing away from the

camera and both arms and hands are covered by the body, estimating these landmarks becomes

extremely difficult without further supervision in the form of manually annotated examples or

additional views captured by a second camera.

Infant pose estimation The results for infant pose estimation are summarised in Table 3.3

and 3.5. Figure 3.6 displays predictions of our model on infants. Our implemented version of

[Jakab et al., 2020b] performs worse despite the access to 11,000 unpaired landmark annotations.

We attribute this to domain shift. Since the model relies on adversarial training on these labels,

the performance will drop if the latter are not covering a diverse enough range of possible poses.

In fact, the authors demonstrate a drop in performance in their own experiments when using

labels from a different dataset.

Our model is capable of predicting consistent and interpretable landmarks from images of in-

fants with different body shapes and in different poses. Again, the largest errors are introduced

by self-occlusion, especially when arms are positioned in front of the chest and shoulders. This

is consistent with our observation that the landmark detection works best on the legs, which

are most of the time not positioned above or below other body parts.



38 Chapter 3. 2D-Pose Estimation Via Differentiable Shape Templates

Figure 3.4: Results of our model on random frames from subjects 9 and 11 in Human 3.6m.
Top row: input images with detected keypoints. Bottom row: corresponding deformed shape
templates

BBox SPP UL T
Lorenz [Lorenz et al., 2019b] ✓ ✓ ✗ ✗

Zhang [Zhang et al., 2018b] ✓ ✓ ✗ ✗

Jakab [Jakab et al., 2020b] ✓ ✗ ✓ ✗

Ours ✓ ✗ ✗ ✓

Table 3.1: Comparing different sources of labels used for different methods. BBox: bounding
box centered around the person, SPP: supervised post-processing. A linear regressor is applied
to map discovered landmarks to human-interpretable locations. UL: Use of unpaired manually
annotated poses as a prior. T: the manual design of a single template including individual
body parts and anchorpoints

For a fair comparison of the results, we make this explicit by adding supervised post-processing

in parenthesis for all results where this step was included. We also compiled Table 3.1 to clearly

indicate the different sources of labels that are used by the different methods.

Ablation study In order to verify the individual contribution of our loss components, we

partially train several models with different loss configurations and present the results in Table

3.4.

Image translation Since our decoder network is trained to synthesise images conditioned on

the pose input, we are able to perform image editing by combining a frame f with a different

set of poses p. The images displayed on the right side of Figure 3.5 illustrate the principle and

demonstrate disentanglement between pose and appearance. Moreover, the image translation

modules’ ability to produce images given a conditioning pose could serve as a tool in the analysis

for indicators of impaired neurological development. This, however, remains a topic of future

work.
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H36M all wait pose greet direct discuss walk

fully supervised upper bound
Newell [Newell et al., 2016b] 2.16 1.88 1.92 2.15 1.62 1.88 2.21

self-supervised + supervised post-processing
Thewlis [Thewlis et al., 2017b] 7.51 7.54 8.56 7.26 6.47 7.93 5.40
Zhang [Zhang et al., 2018b] 4.14 5.01 4.61 4.76 4.45 4.91 4.61
Lorenz [Lorenz et al., 2019b] 2.79 – – – – – –

self-supervised (unpaired labels)
Jakab [Jakab et al., 2020b] 2.73 2.66 2.27 2.73 2.35 2.35 4.00

self-supervised (template, no labels or post-processing)
Ours 3.31 3.51 3.28 3.50 3.03 2.97 3.55

Table 3.2: Comparison with related methods for human landmark detection on Human3.6M;
%-pixel distance from ground truth normalized by image size is reported on a per action basis.

Infants all hips knees feet shoulders hands params

fully supervised (fine-tuned) upper bound
Xiao [Xiao et al., 2018b] 1.74 2.39 1.50 1.47 1.76 1.59 34.0 M

self-supervised (unpaired labels)
Jakab [Jakab et al., 2020b] 8.98 6.89 8.18 13.15 5.33 11.36 8.6 M

self-supervised (template, no labels)
Ours 4.86 3.79 4.60 5.53 3.19 7.21 7.8 M

Table 3.3: Comparison with related methods; %-pixel distance from ground truth normalized
by image size is reported on a per body-part basis. Our method outperforms prior approaches
for this task because it is not influenced by annotation domain shift.

Figure 3.5: Left: Failure cases of model predictions. While sitting is a very difficult pose,
facing away from the camera is the most challenging situation resulting in the complete loss
of coherent landmarks. Moreover, the model switches left and right when a person is facing
away from the camera. Right: Pose conditioning. Top row: Input image; Middle row: New
Conditioning Pose; Bottom row: Resulting image. We observe that our image translation sub-
module is able to disentangle pose and content and produce photo-realistic images with the
conditioning poses.
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Figure 3.6: Results of our model on random frames from the test subjects of our in-house
dataset. Anonymisation was applied to maintain patient privacy. Top row: input images with
detected keypoints. Bottom row: corresponding deformed shape templates.

all hips knees feet shoulders hands

anchor and boundary loss (ours)
6.54 3.56 5.19 8.90 4.70 7.95

with anchor, no boundary loss
65.99 64.65 71.70 76.33 59.00 62.59

with boundary, no anchor loss
12.42 13.84 13.17 7.29 12.94 8.76

no anchor, no boundary loss (model diverges)
446.47 433.64 385.77 662.41 502.69 276.49

Table 3.4: Mean joint distance between ground truth and predicted landmarks in % of image
size. All models were trained for 10 epochs.

Without our anchor or boundary loss, the model diverges and all predicted landmarks lie
outside of image boundaries (values above 100).

3.6 Downstream application study

To study the downstream effects of 2D pose prediction accuracy in a realistic setting we inte-

grate our method into a setup as it is currently used for clinical evaluation of neonatal movement

quality. Physiological movement quality assessment requires 3D coordinates, thus a fully su-

pervised 3D lifting network is applied after 2D pose estimation. The lifting model is adapted

from the work of Martinez et al. [Martinez et al., 2017b]. This model was first pre-trained on

the MPI INF 3DHP adult dataset [Mehta et al., 2017] before fine-tuning on the infant MINI-

RGBD dataset [Hesse et al., 2018a]. Figure 3.7 compares the the qualitative differences when

results from previous 2D pose estimation methods [Jakab et al., 2020b] are used or ours. Quan-

titatively this can be captured by evaluating the joint position error in mm. These results are
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Figure 3.7: Visual results from the lifting network on a synthetic infant image. Top: ours,
bottom: [Jakab et al., 2020b]. The accuracy of the predicted 2D keypoints has a noticeable
impact on the final 3D predictions.

Synthetic Infants all hips knees feet shoulders hands

self-supervised (unpaired labels)
Jakab [Jakab et al., 2020b] 59.7 10.1 58.4 73.3 58.0 101.5

self-supervised (template, no labels)
Ours 44.7 8.0 57.5 80.9 35.6 78.7

Table 3.5: 3D lifting results. The error is reported as the distance between predicted and
ground truth 3D landmarks in mm.

summarised in Table 3.5. Our method performs better compared to [Jakab et al., 2020b] in all

landmarks except feet. Since the 3D-lifting can not correct for inaccuracies in the 2D landmark

estimation, the larger error as shown in table 3.3.

3.7 Summary

We presented a novel approach to unsupervised human pose estimation by transforming a part-

based shape template. Given a video of a person moving in front of a static background, we are

able to predict human interpretable keypoints without requiring any paired or unpaired labels.

We have exhibited our method’s performance on two different datasets and achieved similar or

better results in unsupervised human pose estimation while only requiring a simple canonical

2D pose template instead of numerous manual labels. Moreover, our method is able to adapt

to humans or infants of different shapes and sizes and alternative keypoints can be defined

easily by choosing different locations on each body part. We also demonstrate an increase
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in performance when using our method’s extracted poses in downstream tasks like 3D pose

extrapolation, which is of significance for both industrial and medical applications. Although

some manual work is required to define the template, this could be easily realised in a simple

GUI, where the user would be able to draw body parts and define anchor- as well as keypoints

within minutes. Moreover, our method can generate realistic images conditioned on pose once

trained, opening up the possibility for other applications including pose transfer from a domain

where labels are readily available, to another where labels are limited.

Limitations Our method is limited by occlusions and partial views of the body and is cur-

rently not able to distinguish back-facing from front-facing poses. If not accounted for, this can

result in large errors due to the switching of joints with their left/right counterpart. The prob-

lem only occurs for adult pose estimation, as infants are lying on their backs during a recording

and are physically not able to turn around. We believe that the inclusion of a directional vector

could alleviate the observed limitation.

The lifting network on the downstream application study maps 2D coordinates to 3D and is

fully supervised with synthetic data. Naturally, the question arises whether our method could

be extended to predict 3D pose directly in an unsupervised fashion and is answered in the next

chapter.

3.8 Appendix

The following paragraphs give more detailed information about network architectures and train-

ing hyperparameters, as well as additional qualitative results.

3.8.1 Network architectures

In this section, we present the details regarding network architecture. Each block represents

a layer. Abbreviations are as following: k=kernel size, s=stride, d = dilation, ch= number of

channels, n=number of (fully connected) neurons.
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Figure 3.8: Architecture of pose extractor φ.
All layers
are followed by batch normalisation and
LeakyReLU
except for the last.

Figure 3.9: Architecture of image decoder ϕ.
All layers
are followed by batch normalisation and
LeakyReLU
except for the last.

3.8.2 Additional qualitative results

Figure 3.10: Results for Human 3.6m. Markers denote detected landmarks.
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Figure 3.11: Results for infants. Markers denote detected landmarks.

3.9 Training and evaluation details

3.9.1 Human3.6m

The model is trained with the Adam optimizer [Kingma and Ba, 2014], a learning rate of 1e-4

and a batch size of 48. For evaluation, we choose 16 keypoints corresponding to following

indices: 0, 13, 12, 1, 6, 2, 7, 25, 17, 26, 18, 27, 19, 3, 8, 14. While most of these keypoints

conincide with our anchor points, we place two additional points on the thorax and the head

in our default template.

3.9.2 Infants

For the infants, both models are trained the Adam optimizer [Kingma and Ba, 2014], a learning

rate of 1e-4 and a batch size of 48. In order to train [Jakab et al., 2020b] with labels from the

synthetic infants dataset, we project 3d coordinates into the image plane via a perspective

camera transformation. Since the camera position in our clinical infant dataset is varying

in terms of tilting angles, we augment the data via random rotations of the camera before

projection in an effort to mimic these conditions.



Chapter 4

3D-Pose Estimation via Neural

Rendering

4.1 Introduction

In the previous chapter we presented a method for self-supervised 2D-pose estimation via differ-

entiable shape templates. It is a natural question to ask whether the approach can be extended

to 3D as well. Estimating 3D-pose from a single camera, however, is a lot more challeng-

ing, even more so if we restrict ourselves to the self-supervised setting. As outlined in section

2.6.2, in recent years combining fully-differentiable rendering pipelines with the representational

power of deep neural networks has become a very popular and active field of research in com-

puter vision for novel-view synthesis, digital avatars and many other applications. Combining

computer-graphics rendering pipelines with neural networks in various settings such as control-

ling the elements of a 3D scene or the 3D transformation of existing objects has been coined

neural rendering. This chapter is based on [Schmidtke et al., 2022] and is an extension of the

approach introduced in the previous chapter from 2D to 3D pose estimation. Differentiable

rendering techniques in combination with a 3D shape template will be utilised to train the

system end-to-end with self-supervision.

45
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4.2 Contextual overview

Inferring 3D properties of our world from 2D images is an intriguing open problem in computer

vision, even more so when no direct supervision is provided in the form of labels. Although this

problem is inherently ill-posed, humans are able to derive accurate depth estimates, even when

their vision is impaired, from motion cues and semantic prior knowledge about the perceived

world around them. This is especially true for human pose estimation. As demonstrated in the

previous chapter, self-supervised learning can be an effective technique to utilise large amounts

of unlabelled video and image sources and provide flexibility in special domains such as medical

imaging where data is scarce. In this chapter we therefore focus on self-supervised 3D pose

estimation from monocular video, a key element of a wide range of applications including motion

capture, visual surveillance or gait analysis.

Methodologically, we borrow the self-supervision framework from the previous chapter, where

we model pose as a factor of variation throughout different frames of a video of a single hu-

man and a static background. More formally, self-supervision is provided by formulating a

conditional image reconstruction task: given a pose input different from the current image,

what would that image look like if we condition it on the given pose? This time we choose to

represent pose as a 3D template consisting of connected parts which we transform and project

to two-dimensional image space, thereby inferring 3D pose from monocular images without

explicit supervision.

More specifically, our method builds upon the recent emergence and success of combining deep

neural networks with an explicit 3D to 2D image formation process through fully differentiable

rendering pipelines. This inverse-graphics approach follows the analysis by synthesis principle

of generative models in a broader context: We hope to extract information about the 3D

properties of objects in our world by trying to recreate their perceived appearance on 2D

images. Popular rendering techniques rely on different representations including meshes and

polygons, point clouds or implicit surfaces. In our work we make use of volume rendering with

a simple occupancy function or density combined with a texture field that assign an occupancy

between [0, 1] and RGB colour value c ∈ R3 for every point defined on a regular 3D grid.
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Figure 4.1: Overview of our method. Analogous to Figure 3.3 in the previous chapter, except
our pose template is made up of 3D voxels and projected onto 2D via volume-rendering. The
whole approach is trained end-to-end, meaning gradients are flowing backwards through the
rendering step.

4.3 Method

Our approach relies on self-supervision through image reconstruction conditioned on a trans-

formed and rendered shape template. The images are sampled from a video containing a single

person moving in front of a static background. More formally, the goal is to reconstruct a

number of frames (xt1 ,xtn) from random time points t1, ..., tn in a video with access to one

frame xtk , again sampled randomly, and rendered images of transformed templates T1, ...,Tn.

Our method can be viewed in two distinct steps; regression of template transformation param-

eters, and image reconstruction, where both steps are parameterized using deep convolutional

neural networks. An encoder network ϕ regresses rotation, translation and scale parameters

from frame xt in order to transform each skeletal node of a 3D shape template, T. The gen-

erator network ψ takes as input; (a) a frame xδt, from a different time instance of the same

sequence where the same person assumes a different pose, and (b) a rendered image of the

transformed 3D template while being tasked to reconstruct frame xt.

The encoder ϕ consists of a convolutional neural network for feature extraction followed by a

number of linear layers and a reshape operation. The generative network ψ resembles a typi-

cal convolutional encoder-decoder structure utilised for image translation, where feature maps

are subsequently downsampled via strided convolutions and the number of features increases.
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For the decoder we utilise bilinear upsampling and spatially adaptive instance normalisation

(SPADE) (see 2.1.4) to facilitate semantic inpainting of the rendered template image.

4.3.1 Template and volume rendering

Shape Template

The shape template, T, consists of K Gaussian ellipsoids that are arranged in the shape of a

human. Each skeletal node, denoted asTk, is defined on a regular volumetric grid and represents

a single body part. All ellipsoids are parameterised by their mean µk and co-variance Σk. On

the volumetric grid we define two functions: a scalar field f : R3 → [0, 1] that assigns a value to

each point (x, y, z) on the grid — in the volume rendering literature it is commonly referred to as

the occupancy function, and a vector field c : R3 → C ⊂ R3 specifying the RGB-colour for each

point, commonly referred to as the colouring function. We use uniform colours for each part

and define the opacity via the 3D Gaussian ellipsoid, i.e the density decreases exponentially

moving outward from the centre of the blob.

Raycasting and emission absorption function

We make use of an existing implementation of the raycasting algorithm shipped with the

PyTorch3D package [Ravi et al., 2020] to render the template image. Given a camera location

r0 ∈ R3, rays are “emitted” from r0 that pass through each pixel ui ∈ R3 lying on a 2D view

plane S by sampling uniformly spaced points along each ray starting from the intersecting pixel:

pj = ui + jδs, (4.1)

where j is the step and δs the step size that depends on the maximum depth and number of

points along each ray.

The colour value at each pixel location ui is then determined by a weighted sum of all colour
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values of the points sampled along the ray:

ci =
J∑

j=0

wjcj (4.2)

The weights wj are computed by multiplying the occupancy function f(x) with the transmission

function T(x) evaluated at each point p along the ray:

wj = f(pj) · T (pj), (4.3)

where T (x) can be interpreted as the probability that a given ray is not terminated, i.e. fully

absorbed, at a given point x and is computed as the cumulative product of the complement of

the occupancy function of all k points up until pj:

T (x) =
∏
k

(1− f(xk)) (4.4)

Repeating this for all pixels in the view plane results in a 2D projection of our 3D object

representing the rendered image fr ∈ R3×h×w.

4.3.2 Pose regression and shape transformation

In order to estimate the skeletal pose of a given frame, we use the encoder network, ϕ :

R3×h×w → R3K+3 based on the ResNet-34 architecture [He et al., 2016a].

The encoder maps a colour input image of size h×w to K rotation and scale vectors, (r, s)1:K ∈

R3, and a single global translation vector t ∈ R3 for the camera. K denotes the number of

transformable parts in the template. Here, rotation is parameterised via axis-angle representa-

tion, and is subsequently converted to 3D transformation matrices using the Rodrigues’ rotation

formula. Combined with the scaling parameter for each axis, the resulting matrix defines the

affine mapping, excluding the sheer component, for spatial transformation of each skeletal node.

After construction of the 3D transformation matrix, each Gaussian ellipsoid of the template
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Figure 4.2: Illustration of the kinematic chain. Red circles denote anchor-points. Following a
transformation of the upper part, the translation t = ãn

j − ãm
i is applied to enforce continuity

T, with occupancy fk(x) and colour field ck(x), gets transformed according to the regressed

parameters. Finally, utilising the aforementioned ray-tracing method we render an image based

upon our transformed template by summing together all transformed occupancy and colour

fields and clipping to a maximum value of 1:

T̃k = Ωk(Tk) (4.5)

fr = R
(∑

k

fk(x),
∑

ck(x)
)
, (4.6)

,where R denotes the rendering operation.

4.3.3 Kinematic chain

Instead of relying on an additional loss to enforce connectivity between body parts as in the

previous chapter in the form of the anchor-point loss, we define a kinematic chain along which

each body part is reconnected to its parent via a translation after rotation and scale have been

applied. This removes a redundant optimisation objective and increases robustness during

training.

Given a parent and child body part with indices n and m respectively, we define anchor-points

an
i and am

j ∈ R3 on each part representing the area of overlap in the non-transformed template

(see Figure 4.2 right). If body part m is being transformed, the position of the anchor point



4.3. Method 51

changes: ãm
j = Ham

j , where H ∈ R3×3 specifies a transformation matrix. To ensure continuous

connectivity, we apply the transformation for the child body part in an analogous way, it is

reconnected with the parent node by applying translation t = ãn
j − ãm

i . We first transform the

core, and then proceed with all other parts in an iterative fashion along the kinematic chain as

depicted in Figure 4.2 left.

4.3.4 Loss function

The loss function is a sum of individual components: the reconstruction loss as the pixel-wise

l2-norm between the decoder output and the original image and a boundary loss of the form

Li
bx =


|âx,i|, if |âx,i| > 1

0, otherwise

Lbx =
∑
i

Li
bx Lb = Lbx + Lby (4.7)

where âx,i is the x-component of a projected and transformed anchor point. Note that we

normalise image coordinates to (−1, 1).

We also regularise the pose regression via the l2-norm of the rotation vector r and decay this

term linearly to 0 after 500 iterations. Overall, our objective function is:

L = Lrecon + Lb + α ∗
∑
K

||rk||2, α = min(1− 0.02 ∗ iter) (4.8)

4.3.5 Infant-adjusted SMPL model

We also experimented with an alternative representation provided by a SMPL [Loper et al.,

2015c] body model adjusted to infants from [Hesse et al., 2018b]. In SMPL, a mesh template

resembling a generic adult human is transformed via identity-based shape parameters β and

skeleton-pose depended parameters θ. [Hesse et al., 2018b] create a new template based on

infant body-proportions and learn a new model, termed Skinned Multi-Infant Linear model

(SMIL), by registering the template with a scaled down version of the original pose blend

shapes of SMPL with 3D-point clouds obtained from filming a total of 37 moving infants with
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Figure 4.3: Excerpt from [Hesse et al., 2018b]. An infant-adjusted SMPL body model [Loper
et al., 2015b] is registered to 3D point clouds of moving infants acquired via a depth sensor. A
new shape and pose space is learnt via PCA and a prior in the form manual 2D-pose labels.

an RGB-D camera. Subsequently, the new model is learned by performing PCA on the unposed

shapes for each infant and incorporating the prior from roughly 37,000 manual 2D-pose labels.

Figure 4.3 illustrates the process.

Method

SMPL parameters Instead of regressing parameters for a 3D rotation and scaling as de-

scribed in 4.3.2, we train a CNN ϕ based on a ResNet architecture [He et al., 2015] to regress

SMPL pose and shape parameters θ ∈ R72 and β ∈ R20 from an input image x:

θ,β = ϕ(x) (4.9)

Differentiable rendering of meshes We utilise PyTorch3D [Ravi et al., 2020] which makes

rasterisation of meshes differentiable via soft assignments inspired by [Liu et al., 2019]. The

rendering pipeline is displayed in Figure 4.4.

4.4 Experiments

Analogous to the previous chapter, we train and qualitatively evaluate our model on Human

3.6M [Ionescu et al., 2014b], a motion-capture dataset including 11 actors performing various
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Figure 4.4: Excerpt from [Ravi et al., 2020] displaying the graphics-pipeline. Soft rasterization
is introduced to tackle the non-differentiability of rasterisation and z-buffering due to discrete
sampling steps.

activities while being filmed by four different cameras in a studio setting. Following [Jakab

et al., 2020a] and [Luca Schmidtke and Kainz, 2021], we train on subjects 1, 5, 6, 7, test on

9 and 11 and restrict activities to mostly upright poses, resulting in roughly 700,000 images

for training. We sample video frames in pairs containing the same person in different poses,

but with the same background utilising bounding boxes derived from the masks and utilise the

Adam optimiser [Kingma and Ba, 2015].

As an additional experiment, we also train the volume rendering as well as mesh-based SMPL-

model on the infant dataset described in section 3.3, which includes videos of 24 newborn

infants. We train on 20 and test on 4 subjects.

4.5 Results

We restrict our evaluation to qualitative results for Human3.6m and infants, which are displayed

in Figures 4.5 and 4.7, respectively. This is motivated by the fact that a quantitative evaluation

would still show large errors due to depth ambiguity and switching of left and right landmark

counterparts. We also do not compare to previous work since we are the first to achieve this

without any supervision through manual pose landmarks either in 2D or 3D. The purpose

if this work is to demonstrate that the concept of self-supervision through conditional image
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translation can be extended to 3D pose estimation. A simple image reconstruction loss serves

as the sole basis for a learning signal, and is properly propagated back through the rendering

pipeline to the weights of the neural network that regresses the transformation parameters of

our 3D human model. However, there are several issues that still need to be solved: The model

is currently not able to distinguish left and right, as can be observed in Figure 4.5 (fourth image

from the right), where the subject is facing away from the camera, but the template remains

in the front-facing configuration. The model also mostly generates limbs facing away from the

camera (third image from the right). We hypothesise that due to depth ambiguity in 2D and

limitations in pose variety due to the restricted sampling the decoder can perfectly reconstruct

the image despite the wrong orientation of the limb. For the infants in Figure 4.7, we observe

that the arms, additionally to facing away from the camera, do not align with the real images

even in the 2d-projection. Interestingly, the legs seem to be better aligned. Our hypothesis

is that infants display a lot more movement, and therefore variety, with their legs rather than

their arms. Due to our training regime, the decoder network might not require spatially aligned

arms in order to reconstruct the image faithfully.

Figure 4.6 displays qualitative results for the infant-adjusted SMPL model. We were not able

to regress meaningful shape and pose parameters within our self-supervised training regime.

These findings are in line with other research works such as [Wang et al., 2022] noting the

reliance of explicit, surface-based body-models on more than pure image supervision.



4.5. Results 55

Figure 4.5: Results on the two evaluation subjects. Top row: input image. Bottom row:
predicted pose in the form of a transformed and rendered 3d shape template. Different colours
denote different body-parts.

Figure 4.6: Left: rendered image from the baby-model in the standard t-pose. Middle: input
image. Right: rendered image from regressed pose and shape SMPL parameters.
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Figure 4.7: Results on the infant dataset described in 3.3. Top row: input images. Bottom
row: predicted pose in the form of a transformed and rendered 3d shape template. Different
colours denote different body-parts.

4.6 Summary

In this chapter we introduced a volume-rendering-based approach that is fully-differentiable

by default and found that we can find meaningful pose representations in 3D from monocular

images without relying on any landmark labels during training and inference.

In a preliminary experiment, we tested a mesh-based SMPL model in combination with a

differentiable soft-rasterisation rendering technique and found that, despite optimising for hy-

perparameters, the model does not converge to meaningful representations.

In contrast, we have found a voxel-based representation combined with volume-rendering ap-

proach to be more suitable for end-to-end training, we hypothesise that this is due to more

accurate gradients being propagated to our network weights through this rendering pipeline.

Despite issues with depth ambiguity, the qualitative results are encouraging and demonstrate

the feasibility of combining differentiable rendering techniques and self-supervision purely based

on image reconstruction losses from a single view.

As we shall see in the following chapter, replacing the image translation task with a purely

generative approach with separate fore- and background similarly to [Yang et al., 2022] might

prove to be very successful in extending the approach to non-static backgrounds as well.
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Pose Estimation Via Generative

Modelling

5.1 Introduction

The methods presented in the previous chapters demonstrate image translation conditioned on

shape templates provides a strong self-supervision signal for finding pose landmarks. However,

they remain restricted to a studio-type setting because the background needs to remain constant

between the two images of the same person in different poses. Arguably, the vast majority of

videos available on the internet do not fall in this category, as there are either moving objects in

the background or the background shifts due to movement of the camera itself. This is especially

true for videos recorded through hand-held devices such as smartphones. One viable option

would be to first run an off-the-shelf segmentation model to separate fore- from background, but

that would defeat the purpose of striving for self-supervision, since these methods have been

trained in a fully-supervised way. Moreover, this could lead to a repeated need for dataset-

curation and re-training when large domain-shifts lead to worse performance of these models.

Generative modelling, more specifically image generation, has made tremendous gains over the

past 5 years and provides an intriguing self-supervision signal for a variety of different tasks.

The following chapter introduces a new concept for estimating body landmarks: analysis by
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synthesis, or learning through generating, which is argued to be a central element in human

recognition [Stevens, 1960, Parr and Friston, 2018]. Intuitively, the brain must have some

internal model of the world in order to properly reason about the most likely causes of a certain

sensory input. Put into the context of pose estimation, learning a representation of human

anatomy as a factor in generating image data of humans might prove helpful in estimating it

from existing images. Viewed through this lens, the previous chapters introduced methods that

learn by generating image data conditioned on a body model as well, albeit only parts of it. The

method in this chapter can be seen as a natural extension in that it aims to include fore- as well

as background into the generative process for increased performance and generalisability. We

achieve this by designing and training a disentangled generative model that synthesises fore-

and background separately. The foreground consists of a human and is itself disentangled into

pose conditioned on our already familiar pose template introduced in the earlier chapters and

appearance. Crucially, this model can synthesize realistic images accompanied by a body-part

segmentation as well as pose landmarks that can be utilised as synthetic training data for a

fully-supervised model. We also explore an alternative where pose is learnt by reconstructing

images through the lens of a pretrained, disentangled and pose-conditioned generator network.

5.2 Contextual overview

We revisit the problem of self-supervised human pose estimation from monocular images, but

through the lens of generative models.

Generative models, specifically Generative Adversarial Networks [Goodfellow et al., 2014b,

Karras et al., 2019a], and diffusion models [Dombrowski et al., 2022, Rombach et al., 2021] play

a prominent role in self-supervised learning due to their ability to approximate the supposed

high-dimensional manifold on which the distribution of natural images are believed to lie.

These models can infer knowledge about the inherent structure of their input by learning how

to generate it, especially if the model is capable of doing so via disentangled and semantically

meaningful generative factors. Learning inherent structure in data from generating it forms the
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core principle around our proposed method which can be subdivided into two stages: In the

first stage we make use of generative adversarial networks that, with appropriate modifications,

are capable of composing realistic scenes from several independent factors. In the context

of pose-estimation and human parsing, these factors can be defined as the background, the

human body in a certain pose configuration, and the general appearance, i.e. clothes and

texture of the person in the scene. We introduce a fully differentiable and transformable

spatial shape template, which resembles connected human body parts. This template can

be used for inpainting the foreground image to explicitly drive the model towards treating

pose as an independent generative factor. In the second stage, once our initial disentangled

generative model has been trained to produce realistic images, we can generate an arbitrarily

large amount of these images to train a fully-supervised model on pose-estimation and body-

part segmentation or try and reconstruct input images through the lens of the disentangled

generative model. In summary, we make the following contributions:

• We learn to estimate 2D pose landmarks as well as part-segmentations from monocolular

images by learning how to generate them. We achieve this by learning a disentangled gen-

erative model that composes images from a background and foreground image conditioned

on a transformable shape template.

• This allows us to do unsupervised pose-estimation independent from contextual and back-

ground information, thus expediting new avenues for model generalisation and domain

adaption.

• We provide a solution to the self-occlusion problem frequently described in weakly- and

self-supervised pose estimation and human parsing literature [He et al., 2022, 2021].

• We demonstrate the feasibility of our approach qualitatively and quantitatively on two

different datasets including diverse scenarios.
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5.3 Related work

Generative models The quality of generated images has massively improved since the in-

troduction of generative adversarial networks [Goodfellow et al., 2014b, Karras et al., 2019a]

and diffusion models [Dhariwal and Nichol, 2021, Ho et al., 2020]. Related to our approach,

several works propose to learn disentangled models that are capable of generating one or more

foreground objects independent from the background. [Kwak and Zhang, 2016] introduce sev-

eral generator networks trained adversarially and connected via a recurrent neural network

outputting objects that are composited via alpha blending in the final image. [Yang et al.,

2017] expand on this by further disentangling foreground generators into shape and appearance

as well as a more elaborate conditioning between objects. [Bielski and Favaro, 2019] make use

of small random spatial pertubations of the foreground in the form of translation in order to

avoid trivial solutions where either the foreground or background generator synthesises the en-

tire image. [Yang et al., 2022] combine this perturbation with maximising mutual information

between foreground and latent code similar to [Singh et al., 2019]. However, none of the above

mentioned works provide part based segmentation or even keypoint information. [He et al.,

2021] utilise spatially adaptive normalisation (SPADE) (see section 2.1.4 in the background

chapter) together with low-frequency positional encoding and a combination of geometric con-

straints in the objective function. They achieve segmentation into different parts in several

object categories, but the partition remains fully flexible and does not necessarily correspond

to predefined anatomical locations of the human body.

Pose and keypoints from shape priors As outlined in section2.6.1 in the background

chapter, the human body can be represented by individual connected parts that can move

independently within a certain range. This can be exploited as an inductive bias for pose

estimation algorithms. Earlier work utilises this in the form of pictorial structures [Felzenszwalb

and Huttenlocher, 2005, Andriluka et al., 2009b, Ouyang et al., 2014, Pishchulin et al., 2013,

Ramakrishna et al., 2014, Sapp et al., 2010, Yang and Ramanan, 2011] while more recent works

make use of differentiable shape templates [Kundu et al., 2020b, Schmidtke et al., 2021] or other
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Figure 5.1: We manage to factorise a generative model into pose, person appearance and
background via a simple shape template. Large amounts of synthetic data can be created to
train a supervised model for pose estimation and human body parsing.

forms of pictorial renditions [Jakab et al., 2019, He et al., 2022] combined with self-supervision

objectives, most notably image reconstruction conditioned on a corrupted or altered image

together with some form of pose representation. While the former requires either constant

background or some form of foreground-background separation in videos, the latter requires

linear regression with ground truth keypoints.

5.4 Overview

Conceptually our approach can be divided into two distinct stages as illustrated in Fig. 5.1. In

the first stage we train a generative model G parameterised by neural networks ψb, ψf, ψm for

generating and compositing background, foreground and mask, respectively. The foreground

and mask represent humans in our use-case and are conditioned on a spatially transformed

shape template consisting of K part maps T = {T1, ...,TK},Ti ∈ Rh×w. More specifically, G

maps a low-dimensional vector z sampled from a standard normal distribution to a background

image b, a foreground image f and a mask image m through separate networks. The mask

generator maps z to a pose representation p represented by a transformed shape template and

a resulting mask m. Similarly to the methods introduced in the earlier chapters, the shape

template serves as a representational bottleneck for the generator in order to effectively learn

pose disentangled from other image content via a pure image generation objective. For person
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Figure 5.2: Generator architecture: Two separate networks produce fore- and background.
The foreground generator outputs the foreground and a corresponding mask. The final image
is created via alpha blending fore- and background with the generated mask.

appearance, the latent vector z gets mapped to an intermediate style code w similar to [Karras

et al., 2018] that is subsequently fed into the foreground generator network. The final image is

then obtained via alpha compositing:

b = ψb(z); m,p = ψm(z); f = ψf(z,p) (5.1)

xg = m⊙ f + (1−m)⊙ b, (5.2)

where ⊙ denotes element-wise multiplication.

Once trained, our model can produce realistic images of humans together with pose-landmarks

and body part segmentations. This data can then be used to train a fully-supervised model on

both landmark detection and human parsing.

5.4.1 Generative pathway

Template

Similar to previous chapters we make use of a template (see Figure 5.3) where each body part

is parameterised by a 2D Gaussian ellipse with spatial centre as well as x- and y-spread defined

by the mean and covariance, respectively. In total, our template consists of K = 16 connected

body parts.
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Figure 5.3: Left: Shape template in its standard T-pose configuration and anchor points in
red. Right: Template after transformation.

Template Transformation

To obtain transformed shape templates and masks, a simple MLP (8 fully-connected layers)

first maps the input noise vector z to a set of pose parameters for each of the K body parts

defined in the template including rotation (r), scale (s) and translation (t).

vp = ϕ(z),vp ∈ R66, (5.3)

where ϕ is parameterised by an MLP, vp = {r ∈ RK×2, s ∈ RK×2, t ∈ R2}. Note that we

define translation globally here, i.e., we translate all body parts with a single translation vec-

tor. Instead of representing 2D-rotation with a single scalar describing the angle, we instead

parameterise by the first column-vector [cos(x), sin(x)]T to ensure a continuous mapping [Zhou

et al., 2018].

Mask

The transformed shape template forms the basis for the binary mask needed for image com-

position. A straightforward approach would be to simply use the transformed template, e.g.,

Figure 5.3, as a mask. However, the ellipses, while easy to generate, are only a crude repre-

sentation lacking details of real human anatomy. We therefore allow the generator to add a

limited amount of pixels, which we call the residual R ∈ Rh×w around the boundaries of each

part map:

T̃k = Tk +Rk. (5.4)
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We then sum individual parts and clip to a maximum of 1 to generate the global image mask:

m = clip(
∑
k

T̃k) (5.5)

However, without further restrictions this allows the foreground generator to output a trivial

solution with a mask that covers the entire image, i.e., m = 1 everywhere. In order to drive

the model towards adding pixels only at the boundaries, we introduce an additional loss that

penalises values bigger than 1 outside a margin defined as:

margin = 1− S(Tk), (5.6)

where S() denotes a scaling operation, i.e., for each part map we increase the size isotropically

by a factor ϵ. The resulting map is 1 everywhere except within the enlarged part map. Sub-

sequently, we compute the sum over pixels and template parts of the residual map multiplied

with the margin and normalise with the number of non-zero pixels of each part map:

Lres =
1∑

u,v Tk(u, v)

∑
k

∑
u,v∈Ω

Rk(u, v) ·margin(u, v). (5.7)

Depth-ordering and permutation learning

A fundamental issue is self occlusion between overlapping transformed 2D part maps. In its

existing formulation the model has no way of distinguishing i.e., an arm that is in front of

the body facing the camera from one that is behind it. This effectively leads to inaccurate

results where the model ignores intersecting template parts and simply paints the final image

content onto one of them. Without additional constraints, the model has enough flexibility to

do so. We observe this for the aforementioned case where arms are in front or behind the body

as illustrated in Figure 5.6. Authors of previous related works have also pointed towards this

issue [He et al., 2021]. We aim to solve it via two additions to our model: Firstly, we create
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occlusion-aware maps via 2.1-D z-ordering introduced in [Epstein et al., 2022]:

T̃k = Tk ⊙
K∏

j=k+1

(1−Tj). (5.8)

The index k of each template part can be interpreted as a measure of (inverse) depth. The k-th

map will be occluded by any of the proceeding maps that cover the same pixels. Intuitively,

(1−Tj) ∈ [0, 1] can be interpreted as an opacity map indicating which pixels are partially or

fully blocked by other template-parts. However, this approach assumes an ordering between the

K template parts and requires the model to freely permute them depending on their position

in the depth hierarchy. This in turn depends on the specific pose-configuration. To this end,

we propose to let the model learn a permutation matrix M ∈ Rk×k. Formally, this matrix

contains only 0’s and 1’s and is doubly-stochastic, meaning that all rows and columns sum to 1.

A vector multiplied with this matrix contains the same elements, but in a different order. In

our case, this means permuting all part maps Tk by multiplying a broadcasted version of M

with the part-map tensor T = {T1, ...Tk} ∈ RK×h×w

Tk,perm = M · (T1, ...Tk) (5.9)

We use the Sinkhorn algorithm as previously applied in the permutation learning literature

[Rezatofighi et al., 2018, Mena et al., 2018] in order to learn M. After mapping the latent

vector z to a generic matrix M, the Sinkhorn algorithm achieves an approximation of a doubly-

stochastic matrix via iteratively and alternately rescaling rows and columns of M . In order to

strongly enforce values of either 1 or 0, we additionally penalise the mean entropy along rows

and columns of the matrix by

Le = −
∑
i

mi,j · log(mi,j)−
∑
j

mi,j · log(mi,j). (5.10)
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Architectures

The architecture of fore- and background generators are adopted from StyleGAN [Karras et al.,

2019a], where the input noise is mapped to an intermediate style representation that is fed into

the convolutional architecture via Adaptive Instance Normalisation (AdaIN) (see section 2.1.3).

However, in order to condition the generated content on the human shape template, we replace

the scalar parameters for scale and bias with spatially varying input via spatially adaptive

denormalisation (SPADE) (see section 2.1.4). We first map the input noise vector z to K pairs

of vectors γ,β ∈ RK×d, where d is the dimensionality of the intermediate feature space (we

choose 512). To encourage better disentanglement between different part maps similarly to

[Epstein et al., 2022], we combine these feature vectors with our spatial template part maps

through a process coined ’spatial splatting’:

ac,i,j =
∑
k

fc,k ·Tk, (5.11)

where indices c, i, j denote channel and image pixel coordinates, respectively.

Avoiding all-as-foreground As noted in [Bielski and Favaro, 2019] and [Yang et al., 2022],

training the naive approach with a simple composition leads to trivial solutions where either

the fore- or the background contains the entire image. [Bielski and Favaro, 2019] propose to

introduce random translations ∆x,y ∼ U [−δ, δ] in x- and y-direction in order to force the gener-

ator to generate distinct fore- and background objects. However, this rests on the assumption

that the position of the foreground object does not correlate with a certain section of the back-

ground. In [Bielski and Favaro, 2019], this is the case as the considered datasets are collections

of a wide variety of different sources and backgrounds. In our case this assumption does not

hold, as we consider many frames from the same video in which both person and background

reoccur frequently. When training with random shift, we can observe that there is no perfect

separation between fore- and background, as the generator tries to compensate for positional

compositions that are not in the original distribution.
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Figure 5.4: In order to drive the model towards more accurate conditioning on all body parts,
we include a reconstruction task. An additional U-Net [Ronneberger et al., 2015] needs to
reconstruct the original pose given an image with the same person and background but poses
swapped.

Accurate body part conditioning

In its current formulation, the model has the flexibility to generate realistic looking humans

without strictly adhering to a corresponding accurate body-part representation via the template

as long as the silhouette allows for realistic compositing. This is best illustrated with an

example: in a pose configuration where the arms are in front of the torso, the foreground

generator can simply paint them as a part of the torso-template section. We illustrate this in

Figure 5.6. In order to encourage more accurate conditioning without direct supervision, we add

an additional reconstruction objective together with the depth-aware representation illustrated

in Figure 5.4. Given two vectors za and zb sampled from our prior distribution, we produce

template pose representations pa, pb. We then generate a composite image from za, but swap

out the pose conditioning in the foreground generator from pa to pb. Effectively, we create an

image of the same person on the same background, but in a different pose configuration.

A U-Net [Ronneberger et al., 2015] type network ϕ then receives this image as well as the

background image and the original pose template pa and is tasked to reconstruct the image

created by conditioning on the original pose pa. This self-supervision pushes the generator

to spatially align template and generated foreground, since the reconstruction network relies

on accurate information from the template to reconstruct the original image. The objective

is similar to to the self-supervision task introduced in the earlier chapters, but with entirely
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synthetic data. Since our model is able to separate fore-and background by design, we’re not

limited to datasets where the background remains constant. Put in equations, we first generate

two images x and xalt (the two images displayed in figure 5.4), where the latter is generated

by swapping the injected pose representation from pa to pb, keeping both background and

style codes w constant. For brevity, let G() denote the full generation process including alpha

compositing, we can write:

x = G(b,pa,w) (5.12)

xalt = G(b,pb,w) (5.13)

x̃ = ϕ(xalt,pa,b) (5.14)

We train all parts (including the generator network) with a simple l2 distance between recon-

structed and original image:

Lrecon = ||x− x̃||22 (5.15)

, where x̃ is the output of the reconstruction network.

5.4.2 Training objectives

Adversarial training We employ the standard non saturating loss formulated in [Goodfellow

et al., 2014b] combined with lazy R1-regularisation [Mescheder et al., 2018a] of the discriminator

as in [Karras et al., 2019a]:

LD,adv = −Exr [logD(xr)]− Exg [1− logD(xg)] (5.16)

LG,adv = −Exg [logD(xg)] (5.17)

Avoiding all-as-background As noted earlier, the naive approach to generating fore- and

background with separate generators leads to the trivial solution where either of the two con-



5.4. Overview 69

tains the entire image and the other remains empty or only makes up a tiny fraction of the

composite image. To avoid the background generator from outputting complete images, we

propose a simple and effective loss without introducing additional overhead in the form of clas-

sifier networks as in [Yang et al., 2022] or additional hyperparameters such as mask size as

in [Bielski and Favaro, 2019]. We achieve this by also training the discriminator to classify

background images b as fake while training the generator on the same objective, i.e., aiding

the discriminator:

LD,b,LG,b = −Eb[1− logD(b)]. (5.18)

Empirically we observe that training the generator with objectives defined in equations 5.17

and 5.18 leads to improved separation of fore- and background images while avoiding the

all-as-background failure mode entirely. An empty background image represents one of the

possible local optimums with respect to the two objectives: the composite image (containing the

background) should fool the discriminator and therefore has to contain realistic backgrounds,

while the pure background image can easily be classified as fake if no foreground object is

present.

Additional losses In order to drive the model towards binary masks, we employ the following

loss similarly to [Bielski and Favaro, 2019]:

Lbin =
1

M

∑
i,j

min(mi,j, 1−mi,j), (5.19)

where M denotes the total number of pixels in the mask.

Additionally, we also employ the boundary loss defined in previous chapters to ensure that

transformed template parts stay within the image boundary. We have found that this helps to

stabilise early training:

Lboundary =


|ai,x,y|, if |ai,x,y| > B

0, otherwise,

(5.20)
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where ai,x corresponds to the x- and y-component of the i-th transformed anchor point.

Furthermore, we regularise the estimated transformation parameters during the first n iterations

by adding a decaying l2-norm term for both r and s to our overall objective:

Lreg = α ∗ (
∑
K

||rk||2 + ||1− rk||2) (5.21)

α = min(1/n− 0.01 ∗ iter) (5.22)

Stage1 - Overall Objective For stage 1 consisting of training the generator, in summary

we optimise the following objective for the generator:

LG = LG,adv + λ1LG,adv,b + λ2Lc (5.23)

+ λ3Lboundary + λ4Lreg (5.24)

+ λ4Lres + λ5Lrecon, (5.25)

where λ1,...5 ∈ R are hyperparameters for balancing loss terms which we will provide on the

supplementary material.

5.5 Experiments

After training our factorised generative model, we are able to synthesise large quantities of

realistic images and corresponding part-maps and landmarks to train a generic prediction net-

work with full supervision. We provide qualitative and quantitative evaluations in the form of

images and the mean pixel-distance between ground truth and predicted landmarks.

Pose estimation model We choose a very basic encoder-decoder type network based on a

ResNet-backbone [He et al., 2015] similar to [Xiao et al., 2018a]. In line with common practice,

we transform the coordinates of the landmarks to Gaussian heatmaps which the model then
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Figure 5.5: Qualitative results from the generative model trained on Human3.6m. Top row:
generated body part maps. Middle: generated foreground images. Bottom: generated back-
ground images.

learns to regress via a simple mean squared error objective. We employ standard augmentation

techniques including random scaling, rotation and horizontal flipping.

5.5.1 Datasets

We evaluate our method for 2D pose estimation on a variety of commonly used datasets to

demonstrate the generalisability of our approach.

Human3.6m As introduced in the previous chapter, Human3.6m is a studio-recorded dataset

containing videos captured from different actors with 4 synchronised cameras and corresponding

3D and 2D landmarks defined by optical markers placed on the body. Due to the studio

environment, the background variability is very limited, but the dataset serves as a standard

benchmark for both 2D and 3D pose estimation.

YouTube dance dataset is a collection of 74 single-person dance videos curated by the

authors of [Chan et al., 2018], with diverse outfits, backgrounds and challenging poses and

varying body types. We focus on qualitative results since there are no ground-truth labels

available.
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5.5.2 Evaluation

We use the Human3.6m dataset and follow the evaluation protocol of previous chapters and use

subjects 1, 5, 6, 7, and 8 for training and 9 for testing, resulting in roughly 80000 test frames.

Furthermore, in line with previous works, we restrict the dataset to the following activities:

direction, discussion, posing, waiting, greeting, walking. 16 body landmarks are predicted and

compared via the mean euclidean pixel distance normalised by the image dimensions (resulting

in percentages). Most landmarks coincide with the anchor points enforcing connectivity of our

template, while we add the missing ones (spine and head) in the appropriate locations. It is

possible to define an arbitrary amount of points which will get transformed along with each

body-part.

Different to other approaches we do not make use of the supplied masks since our goal is to

show good fore-and background disentanglement.

5.5.3 Results

We summarise quantitative results for our method in Table 5.1. While our method performs

considerably worse compared to other weakly and self-supervised methods, it is important to

acknowledge that all make use of labels in various degrees either during training or inference

and additionally rely on a provided fore- and background separation. Qualitatively, as can be

observed in Figure 5.5, our generative model is able to generate background and foreground

images as well and to condition itself on accurate part-maps in the absence of any manual

supervision. Figure 5.7 displays qualitative results from the prediction model trained on the

synthetic data and demonstrates accurate pose landmarks as well as meaningful body part

labelling without having to rely on any manual labels during training or inference. Despite

this, the boundaries between human and background are not perfectly separated, especially

around the feet. The uniform colour of the floor makes it easy for the model to spill a part of

the fore- onto the background, since this is harder to detect by the discriminator.

Since no ground truth data is available for the YouTube dataset, we restrict our evaluation
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Figure 5.6: Top row: successful example where the left arm is occluded by the body. Bottom
row: earlier iteration of the model without occlusion-aware maps. The arm is simply painted
onto the image without an accompanying accurate part-map representation

Figure 5.7: Qualitative results from the prediction model trained on generated data from
Human3.6m.

to qualitative results shown in Figure 5.8. Due to the very challenging nature of this dataset

(complex background scenery, difficult poses and more diverse body proportions) we observe

a general degradation in image quality and observe that the model struggles more to properly

separate fore- from background.

5.5.4 Ablation Studies

Our model consists of a number of components and a combination of different training ob-

jectives. We focus on the impact via ablation studies of what we identify as the key novel

components introduced in this work, namely:

• The modified adversarial objective for foreground-background-separation

• The handling of self-occlusion via label map permutation learning and depth ordering.
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H36M all wait pose greet direct discuss walk

fully supervised baseline
[Newell et al., 2016a] 2.16 1.88 1.92 2.15 1.62 1.88 2.21

self-supervised + supervised post-processing
[Thewlis et al., 2017a] 7.51 7.54 8.56 7.26 6.47 7.93 5.40
[Zhang et al., 2018a] 4.14 5.01 4.61 4.76 4.45 4.91 4.61
[Lorenz et al., 2019a] 2.79 – – – – – –

self-supervised (unpaired labels)
[Jakab et al., 2019] 2.73 2.66 2.27 2.73 2.35 2.35 4.00

self-supervised (template, no labels)
[Schmidtke et al., 2021] 3.31 3.51 3.28 3.50 3.03 2.97 3.55
Ours 6.36 7.77 5.15 6.94 5.16 7.84 5.32

Table 5.1: Comparison with recent methods for landmark detection on the Simplified Hu-
man3.6M dataset; %-MSE normalised by image size is reported on a per action basis.

Figure 5.8: Qualitative results from the generative model trained on an in-the-wild setting of
dance Youtube videos. Top row: generated body part maps. Middle: generated foreground
images. Bottom: generated background images
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Figure 5.9: Without modified adversarial training, the model defaults to generating all content
via the background. Left: body-part map, middle: foreground, right: background image.

Modified adversarial objective We remove Equation 5.17 (training the background gen-

erator to aid the discriminator in classifying backgrounds as fake) from the training objective

and observe that the model quickly converges to a state where the body-template is scaled

down as much as possible and becomes part of the background, while the background gen-

erator synthesises the entire image including the foreground. This is demonstrated in Figure

5.9.

Permutation Learning and Depth Ordering We train another model without the mod-

ifications described in 5.4.1 and display results in Figure 5.6. In pose configurations where

the arms are in front or behind of the torso, the model simply paints them as a part of the

torso-template part and therefore creates false landmark data.

5.6 Additional experiments

The following section introduces additional experiments that either support existing conclusions

or explore alternative directions and that were carried out after the first submission of this work.

5.6.1 Random shifts

As noted in 5.4.1, random translations ∆x,y ∼ U [−δ, δ] of the foreground content and mask

can help to avoid ’spillage’ of background into the foreground or, in the worst case, a trivial
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Figure 5.10: Results from the model trained on Human3.6m with random translations, mask
size loss and without modified adversarial objective. The foreground completely collapses into
a small area and the background generator defaults to generating the entire image.

all-as-foreground solution. The final image becomes:

x = T (m)⊙ T (f) + (1− T (m))⊙ b, (5.26)

where T () denotes the translation operation and m, f ,b for mask, foreground and background

image, respectively. We replaced the modified adversarial objective in 5.17 with a random

translation of δ = 0.1 (10% of image height and width). We also included an additional size

constraint on the mask similar to [Bielski and Favaro, 2019], incurring cost for the generator

when the mask size falls below a certain threshold η:

Lsize = max(0, η − 1

M

∑
x,y

m(x, y)), (5.27)

where M denotes the amount of pixels of the mask image.

Qualitative results are summarised in Figure 5.10. With only random shifts, the model quickly

converges to a trivial solution where the background generator creates the whole image con-

tent, while the foreground is shrunk into a small background area. This further validates the

effectiveness of our proposed solution.
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5.6.2 Disentanglement of pose and appearance

In this experiment we investigate qualitatively how well the generator network can disentangle

pose in form of the transformed template and appearance of a person in the synthesis process.

To do so we repeat the process outlined in Section 5.4.1, that is, we generate variation along

pose and appearance in isolation by keeping one of the factors constant and varying the other.

We can generate images in the following way:

xj
i = G(b,pj,wi), (5.28)

where G() again denotes the generation process including alpha compositing and pj and wi

are sampled from different latent codes. Figure 5.11 displays a grid of images where we vary

appearance along rows via wi and pose along columns via pi. While the model is able to

isolate the two factors in most cases, pose and appearance sometimes remain entangled, as is

highlighted via the yellow boxes around some of the resulting images.

5.6.3 Estimating pose through inversion

Once all generator networks including ψfg, ψm, ψbg for foreground, background and mask images

have been trained to output realistic composite images, in theory it should be possible to

estimate pose landmarks from any input image by reconstructing it through the lens of our

disentangled generative framework. Performing accurate inversion of GANs (as touched upon

in 2.2.1) however is a non-trivial task and in fact a sub-field of active research in its own right.

Previous works are evaluated along two main criteria: a reconstructed image that remains

faithful to the original and an accurate mapping onto the learned manifold or latent-space

of the model, enabling downstream tasks such as image-editing. Within the picture of our

disentangled generative model we require both both criteria to be satisfied: Firstly, the model

needs to accurately reconstruct the input image, or at least the person in it, in order to match

the pose as closely as possible. Secondly, we need to ensure that the model maintains the

disentanglement of background and foreground conditioned on pose, since entanglement of
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Figure 5.11: Disentanglement results. We vary the appearance in rows via different style
codes and the pose in columns through a different transformed shape template. Yellow marked
samples denote cases where pose and appearance are still entangled, meaning that a different
pose representation leads to a change in appearance despite the style codes being the same.
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Figure 5.12: Inversion results on Human3.6m with a frozen, pre-trained generator network.
Without additional constraints, the disentanglement is broken and the resulting masks and
part-maps are no longer meaningful.

these factors will lead to meaningless pose representations even though reconstructions are

faithful in terms of pixel-accuracy. Our first inversion experiments in the next section will

illustrate this challenge.

5.6.4 Frozen generator

Encoding into W+-space and direct pose-regression

In our first experiment we follow [Richardson et al., 2020], a popular inversion method for

the StyleGAN framework. Figure 5.13 illustrates the principle. We employ feature pyramid

networks to estimate style-vectors for background and foreground images as well as transforma-

tion parameters r, s, t for the pose template which are then fed into our pre-trained generators

ψfg, ψm, ψbg to form a composite image that resembles the input image. The encoders are

trained with a simple pixel-wise l2-reconstruction loss between generated and input image:

L = ||xin − xrecon||22 (5.29)
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Figure 5.13: Excerpt from [Richardson et al., 2020]. A feature pyramid network [Lin et al.,
2016] extracts features from the input image on different scales and maps them to vectors
controlling the Adaptive Instance Normalisation in each layer of a trained StyleGAN network.

Qualitative results for Human3.6m are summarised in Figure 5.12. The encoders find style

vectors that reconstruct the image regardless of the previously learned disentanglement. This

leads to a collapsed pose representation where every input image defaults to the same mask,

while both fore- and background elements are simply painted into it. We attribute this to

two factors: Firstly, there is no additional constraint on the encoders to force a disentangled

representation as in the adversarial training. Secondly, the W+ style-space, while offering good

reconstruction quality, introduces too much flexibility for our use-case, to such an extend that

the previously learned disentanglement in the generator can simply be ’overwritten’.

Encoding into the pose latent space

Instead of regressing pose-template transformation parameters directly, we can also map to the

latent vector z before it is fed through the MLP that estimates the transformation parameters

r, s and t (see Figure 5.2). However, we observed the same qualitative results as displayed in

Figure 5.12.

Joint training

In this experiment we train both the encoders and the generator network jointly similar to

[Han et al., 2021]. A conceptual overview is provided in Figure 5.15. Both generated samples

from the generator network as well as reconstructed samples from the encoder are passed
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Figure 5.14: We train two encoders, one for the background, and one for the foreground in-
cluding both the style vectors for appearance and the transformation parameters for the pose
template.

Figure 5.15: Left: excerpt from [Han et al., 2021]. Both encoder and generator are trained
adversarially. Right: additional adversarial training: the encoder is trained to match the
distribution of generated back- and foreground images.

through the same discriminator network. The adversarial objectives for generator, encoder and

discriminator are:

LD = −Ex∼pr(x)[log(D(x))]− λadv Ez∼q(z)[log(1−D(G(z))]−

(1− λadv)Ex∼pr(x)[log(1−D(G(E(x)))]

(5.30)

LG = −λadv Ez∼q(z)[log(D(G(z))]− (1− λadv)Ex∼pr(x)[log(D(G(E(x)))] (5.31)

Le = −(1− λadv)Ex∼pr(x)[log(D(G(E(x)))] (5.32)

Additionally, both the generator and encoder are trained on a simple mean squared error

reconstruction objective:

Lrecon = ||x− E(x)| |22 (5.33)

Adversarial objectives for the generator and encoder networks are weighted via the following

term:

LG,E = Lrecon + βLadv, β =
||∇gLrecon||2
||∇gLadv||2

, (5.34)

where ∇g denotes the mean of gradients of selected layers of foreground and background gen-
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Figure 5.16: Results from the joint model. Top row: input images, second: foreground, third:
part-label map, bottom: background.

erators with respect to each of the losses. We choose the last tRGB-mapping layers (see Figure

2.4).

Additionally, in order to enforce disentanglement between fore-and background, we introduce an

additional discriminator network that is trained to distinguish generated fore-and background

images from reconstructed ones. The losses for encoder and discriminator are analogous to

equation 5.34. The left-hand side of Figure 5.15 illustrates the idea. With this additional

constraint we ensure that the encoder does not generate foreground content in the background

image and vice-versa.

Results

Qualitative results for Human3.6m are summarised in Figure 5.16. The model successfully dis-

entangles fore- and background from images and is able to extract pose information in the form

of the transformed shape template from input images. However, the pose representation re-

mains somewhat inaccurate, partly because we have not included the additional reconstruction

objective described in Section 5.4.1.
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Figure 5.17: Left: loss diagram for generator and discriminator networks. Note that the
discriminator loss is not exactly mirroring the generator loss because both are the result of a
sum of individual components. Right: generated foreground images at different iterations.

5.6.5 Improving segmentation

As noted earlier, the separation between fore-and background is not perfect and becomes more

pronounced in more challenging datasets as visualised by Figure 5.8. Since fore-and background

generator share the same latent code, both can and will synthesise parts of the image that

we wish to disentangle without the use of additional objectives. In this section we provide

experiments for several ideas to tackle this challenge.

Separate latent codes

One obvious experiment is to generate fore- and background with separate latent codes zfg and

zbg. This however carries the implicit assumption that foreground object and background are

uncorrelated, which is certainly not the case for diverse enough datasets including our dance

dataset collected from YouTube or even Human3.6m, where despite the studio setup, the exact

appearance of the person depends on lighting which in turn depends on the positioning in

the room. We can clearly observe in Figure 5.17 that until around 10000 training iterations,

the classification loss for the discriminator decreases while the cost for the generator grows

analogously. A sudden change occurs between iteration 10000 and 12000, where the foreground

fully collapses into a part of the background. This provides evidence that with separate latent
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codes for fore-and background, the foreground generator misses essential information about the

background image in order to create a realistic composition, which the discriminator can exploit

during the adversarial game. In fact we observe that the foreground representation almost

instantly collapses when training on our YouTube dataset, since there is a strong correlation

between subject identity (clothes and overall appearance) and background beyond more subtle

changes in lighting. However, the generated foreground images displayed in Figure 5.17 clearly

show less spillage of background elements into the foreground, as the foreground generator has

no knowledge about the specific latent variable that produced the background image.

Shrinking the mask

If the foreground and the corresponding mask are spilling into the background, we can at-

tempt to shrink the mask to the boundaries between background and foreground object. These

boundaries, however, are not explicitly known, which makes the task more difficult. In essence,

we need to shrink the mask, but only up until the boundary. The naive approach would be to

make an estimate of the mean ratio between the sizes (in terms of number of pixels) of shrunk

and original masks, e.g. 0.8, and design a fitting morphological erosion operation that we apply

to every mask. But this simple heuristic does not account for the large variances in individual

shapes and would lead to inaccurate results.

An alternative approach would be to ask: How much can we shrink the mask without hurting

the realism of the composite image? Luckily, we have a mechanism for this in the framework

of our generative model: we can expose the composition of background and foreground with

the shrunk mask to the scoring of the discriminator network. Any redundant pixels that are

already modelled in the background image should have no impact on the discriminator score

when being removed from the foreground image. We define the mask shrinking via an image-

to-image mapping Λ : Rh×w → Rh×w, where h and w denote height and width of the mask

image. We parameterise this mapping with a neural network and choose the U-net architecture

because we need to it helps to facilitate propagation of dense pixel-information to the output.

We restrict the output to lie in the range of [0, 1] and obtain the final mask by substracting
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Figure 5.18: Qualitative results of our mask refinement model trained on Human3.6m. Top
row: generated foreground images multiplied with the original mask, middle row: foreground
images multiplied with the refined mask. Bottom row: foreground images overlaid with parts
of the mask that are removed in green.

Λ(m) from the original mask m as well as clipping the result to positive numbers:

m̃ = m− Λ(m) (5.35)

For optimisation, we introduce to objectives. Firstly, we task the network to minimise the size

ratio (in our case the sum over pixel values since our masks are approximately binary) between

shrunk and original mask. The second objective corresponds to the generator loss in the GAN

adversarial game, where we try to maximise the cost of the discriminator.

Lshrink =

∑
i,j Λ(m)(i, j)∑

i,j m(i, j)
(5.36)

Ladv = −Ez∼q(z)[log(D(C(b, m̃, f))] (5.37)

L = Ladv + λLshrink (5.38)

, where C(b, m̃, f)) denotes the alpha-composition operation with background b, foreground f

and shrunk mask m̃ and λ is a hyperparameter for weighting objectives.

Qualitative results are summarised in Figure 5.18. We observe that our mask refinement

network is capable of identifying and removing redundant background elements, leading to a

more accurate segmentation. However, we sometimes also observe small holes in the segmen-

tation where the model incorrectly removes foreground pixels from the mask. A rather severe

case of this can be seen in column number 8 from the left in Figure 5.18, where significant
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parts of both legs as well as the left arm are incorrectly removed. We attribute this to the

two fundamentally contrasting objectives, i.e maximising the total mask area removed versus

retaining realism in the composite image.

However, the corrections to the segmentation mask do not mitigate wrong pose landmarks

due to the transformation of the shape template. To illustrate, let us consider the sixth col-

umn in Figure 5.18, large parts of what is supposed to represent the right arm are removed

because they contain background pixels, while the underlying pose representation remains the

same, meaning that elbow and wrist landmarks are incorrectly placed. Therefore, in the next

experiment we try to incorporate the signal from the mask refinement network into the learning

objective of the generator. Our qualitative results suggest that the mask refinement network

can effectively identity background regions. Our hypothesis is that simultaneously training the

generator to maximise the loss of the refinement network leads to a lower proportion of gener-

ated background regions and ultimately better correspondence between the generated person

and pose landmarks. From the point of view of optimisation, we include the inverted cost

function of the refinement network into the overall cost function of the generator:

Lrefine = 1− Lshrink, (5.39)

where Lshrink is the ratio of refined to original mask as detailed in equation 5.38. In other

words, we train the generator to maximise this ratio to 1 such that the refined mask is equal

to the original, i.e. the refinement network is unable to to identify background pixels that can

be removed from the foreground image without sacrificing realism.

Figure 5.19 shows a qualitative comparison between the original model and the model trained

with the objective described in the previous paragraph after 15000 training iterations. Overall

we observe less spillage of background elements into the foreground. However, the loss defined

in equation 5.39 starts to increase again as displayed in Figure 5.20, while we observe a slight

decrease in the adversarial cost of the generator (i.e. the loss associated with fooling the

discriminator into classifying generated samples as real).
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Figure 5.19: Generated foreground image multiplied with the mask for two different models at
an intermediate training stage of 15000 iterations. Top: original model, bottom: model trained
with cost function defined in equation5.39. The latter generates less background elements as
part of the foreground mask

Figure 5.20: Right: two overlaid losses during training: adversarial loss of the generator and
mask refinement loss (see equation 5.39). Left: Qualitative results in the form of generated
foreground image multiplied with the mask at the final stage of training after 59000 iterations.
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Figure 5.21: Qualitative results of our model trained on the infant dataset described in section
3.3 of the previous chapter during early iterations of training. Top row: pose representation,
second row: template residual, third row: generated foreground image, bottom row: generated
background image. The model defaults to a all-as-background solution and learns to transform
the template into a very small area by overlapping parts via rotation.

5.6.6 Results on infants

To test generalisability to different body proportions, we also test the method introduced in this

chapter on our dataset of videos from newborn infants introduced in section3.3 of the previous

chapter. Figure 5.21 shows generated fore- and background images as well as transformed

pose templates through various stages of early training. Despite our introduced mechanisms

(see section 5.4.2 for details) the model defaults to collapsing the template and generating all

relevant image content in the background.
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5.7 Summary

We proposed a model that generates realistic images of humans, factored into foreground,

background as well as an interpretable landmark and body part representation without relying

on labels. The synthesised data can be used to train fully-supervised models on human pose

estimation or body-part segmentation. We also found and investigated current limitations, most

prominently imperfect fore- and background separation which becomes more pronounced on the

more challenging YouTube dataset with more complicated and varying poses and backgrounds.

Additionally, we observed a failure of the model to converge on certain datasets such as on

infants. In further experiments we investigated and qualitatively validated a novel strategy to

improve the segmentation, but found that despite encouraging qualitative results in the early

and intermediate stages of training, the model is pushed towards incorporating background

pixels into the foreground. We also showed results for an alternative pose estimation approach

based on the inversion of the generative model.

5.8 Appendix

:

5.8.1 Training and hyperparameters

We train our model on 4 Nvidia A100 GPUs in the distributed setting and the following

hyperparameters:

• Batch size: (single GPU) batch size: 32, effective: 4 x 32 = 128

• Optimiser: We use Adam [Kingma and Ba, 2014] with learning rate 0.0001 and (β1, β2) =

(0, 0.9). Setting β1 = 0 was crucial for stable training

• Regularisation: We employ lazy R1-regularisation of the discriminator similar to [Kar-

ras et al., 2019a] every 8-th iteration.
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• Loss weigthing We use λ1 = 1, λ2 = 1, λ3 = 1, λ4 = 5, λ5 = 2 and λ6 = 20.

Residual loss

For the residual loss described in Equation 7 in the main paper, we linearly increase the contri-

bution to the overall loss from 0 to 1 over 5000 iterations. We found that this helped to enforce

the residual maps to stay within the margin without driving the model to output empty maps

immediately.

5.8.2 Architecture

Foreground generator

A detailed overview of the foreground generator architecture is displayed in 5.22. Following

[Epstein et al., 2022] we first map the gaussian prior to style and structure vectors. Different

from [Karras et al., 2019a], we start from a resolution of 16x16 instead of 4x4.

Discriminator and background generator

Both discriminator and the background generator have the same architecture (with fewer overall

feature channels and decreased resolution) as described in [Karras et al., 2019a].
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Figure 5.22: Detailed architecture of the foreground generator. The style vector and and
template are combined via the ’splatting’ operation described in equation 11 in the main paper.
Squared brackets denote dimensions of tensors, curly brackets describe the number output
channels of the convolutional layers. For the FC-layers, the numbers denote number of layers,
input channels and output channels, respectively.

Figure 5.23: Additional generative results of the model trained on Human3.6m. Top row:
generated body-part maps. Second row: Sum of the residual maps added to the mask. Third
row: generated foreground images. Fourth row: generated background images
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Figure 5.24: Additional generative results of the model trained on the YouTube-Dance dataset.
Top row: generated body-part maps. Second row: Sum of the residual maps added to the
mask. Third row: generated foreground images. Fourth row: generated background images



Chapter 6

Discussion & Conclusion

6.1 Discussion

As outlined in the introduction, the main objective of this thesis was to develop self-supervision

for label-efficient human movement analysis from image and video data. In a wider context,

we tried to approach the question of how a computer-vision model can learn the decomposi-

tionality of the human body into connected parts without the need for landmark annotations.

Throughout the thesis we explored different options including conditional image translation,

generative modelling as well as 2D and 3D connected shape templates as a powerful prior.

In the third chapter we introduced a 2d shape template consisting of Gaussian ellipses

connected via anchor-points. Pose was learned as a factor of variation in videos with a static

background in a conditional image translation or reconstruction task. We were able to show

substantial improvement over previous work by eliminating the need for unpaired pose labels,

which become a considerable weak-point when there are significant domain shifts, as we demon-

strated in quantitative experiments on infant videos. However, we also found limitations of our

method that sparked ideas leading to alternative or extended approaches presented in the sub-

sequent chapters. The perhaps biggest drawback is the requirement for a constant background,

which severely restricts the applicability of the method in real world scenarios. On the other

93
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hand, the training objective is prone to errors when the variety in pose between pairs of images

is not high enough. We found this to be especially apparent when comparing estimated land-

marks for hands and feet on the infant dataset. Feet markers are consistently estimated more

accurately than hands, which can be observed qualitatively in images (3.6) as well as quantita-

tively in the computed metrics broken down by location (3.3). When watching videos of these

infants, it becomes clear that there is overall a lot more variety in leg movement compared to

the arms, leading to a better self-supervision training signal for the lower part of the body.

The fourth chapter further extends the self-supervision concept from the first chapter with

a 3d shape template and explores different differentiable rendering techniques including mesh-

based representations in order to train the template-based pose representation on an image

reconstruction task in an end-to-end manner. For the mesh-based approach, we chose a SMPL

body model Loper et al. [2015b] adjusted to infants Hesse et al. [2018b] but were not successful

in deriving meaningful pose representations. Our hypothesis is that this is due to two factors.

Firstly, the body in SMPL is described by 72 parameters for pose and 20 for shape, which

results in an overall larger parameter space compared to simpler body models, making regres-

sion more difficult. Secondly, the rendering process might not produce suitable gradients for

end-to-end learning, as the soft rasterisation procedure is only an approximate remedy for the

discontinuities hindering backpropagation in the original process.

We found that volume ray casting provides the best results and showed qualitative evidence

that 3d shapes and pose can be learned from 2d images without manual supervision and purely

driven by an image reconstruction loss. Despite this, we also encountered problems including

depth ambiguity and errors due to pairs of training images not including enough variety be-

tween poses as discussed in the previous paragraph. A straightforward improvement would be

weak supervision in the form a small labelled dataset, pre-training on synthetic data or input

images from multiple views.
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The fifth chapter introduced generative modelling as a means to learn a pose representation

irrespective of the background in an effort to remove the biggest limitation of the methods

introduced in the first and second chapters. By learning a generative model that can compose

an image via disentangled factors including background, human appearance as well as pose

we explored training a pose detector model on synthesised data as well as estimating pose di-

rectly via image reconstruction through inversion. We discovered a new effective way for fore-

and background disentanglement in GAN-models in general as well a possible path towards

fully unsupervised, anatomically meaningful part-segmentation of the human body. However,

we also identified some remaining challenges: the separation between fore- and background

is not perfect, and often elements of the background are modelled as part of the foreground,

which results in inaccurate global and individual part masks. Moreover, generating a synthetic

pose landmark dataset and subsequent training with a standard, fully-supervised pose detec-

tor yielded worse results compared to related previous methods. However, it is important to

note that all methods we compared to either need some degree of supervision to map to final

landmarks or are constrained in significant ways, i.e. requiring a constant background.

The exact cause for the worse performance remains an open question, but we can reason

about at least two possible sources of error: Firstly, the aforementioned imperfect alignment

between synthetic pose landmarks and image due to sub-optimal fore- and background sep-

aration propagates into the training of the pose detector. Secondly, GANs are notorious for

mode-collapse and there exists a trade-off between sample fidelity and diversity Karras et al.

[2018]. If the distribution of generated images and corresponding poses is not diverse enough, it

could negatively affect the pose detector’s generalisation capabilities when trained on such data.

The complete failure of the model on the infant dataset sparks additional questions that need

to be investigated in future works. Our hypothesis is that the position of the infant is highly

correlated with an element of the background, namely the cot. In comparison, there is less cor-

relation between human and background in both the Human 3.6m as well as YouTube datasets,

preventing the discriminator from exploiting placement information. We tried giving the mask
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and foreground generators access to intermediate, low-resolution feature maps of the generated

background to regress global translation parameters from, but this led to entanglement of back-

and foreground pixels. This leads us to suspect that some degree of positional independence

between foreground object and background as assumed in Bielski and Favaro [2019] and dis-

cussed in Section 5.4.2 of Chapter 2 is necessary for the model to perform well.

In a wider context and independent of architectural choices and current limitations, our re-

sults demonstrate that generative models can learn meaningful hidden structure including, but

not limited to, pose and part-segmentations from unlabelled image data, given the right priors

and training objectives.

6.2 Outlook

Generally speaking, we strongly believe that the approach presented in Chapter 3, i.e. learning

human pose through discovering the inherent compositionality of the human body from gen-

erating images is a very promising direction of research. In the following paragraphs we will

discuss specific possible directions in more detail.

Improved disentanglement of fore- and background As evidenced by our experiments

in Chapter 3 (5.6.5), we believe that it is possible to achieve a better separation of fore- and

background via our refinement approach. The results displayed in figure 5.19 are encouraging,

but the generator still resorts to generating background elements during a later stage in training.

The accompanying decrease in the adversarial cost for the generator is an indicator that with

the current architecture, a more accurate separation is only possible at the expense of image

realism. This in turn leads us to believe that the problem discussed in section 5.4.1 persists: The

Gaussian ellipses that form different body parts are not suited to represent fine-grained details

such as a pixel-accurate border between human and background. Despite our introduction of

additional pixels that can be added to each part mask, the balancing of different cost functions

to keep a representational bottleneck remains challenging. For the mask refinement network, we
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did not explore different architecture choices and opted for a simple U-Net Ronneberger et al.

[2015], but different architectures, especially the cross-attention mechanism utilised to great

success in the latent-diffusion model Rombach et al. [2021], might bring further improvement.

In fact, one might also consider swapping the entire mechanism by which we feed the pose

representation into the network, namely SPADE Park et al. [2019b] in combination with Epstein

et al. [2022], with the cross-attention mechanism.

Improved disentanglement of pose and appearance The results in figure 5.11 show that

our generative model introduced in chapter 3 is capable of disentangling pose and appearance,

albeit not perfectly. Strong correlations between unique movements and the actors performing

them sometimes carry over into our model. Given that we have explicit control over the

transformation of the template, it might be an option to include equivariance constraints as

explored in Lorenz et al. [2019a] to improve the disentanglement.

Weak supervision The set goal throughout this thesis was to push the boundaries of what

is achievable via the minimum amount of annotations during training. However, quantitative

results of the method presented in chapter 3 are not convincing enough yet. Adding some form

of weak supervision, e.g. landmark annotations for a limited amount of images, synthetic data

or multiple views for estimation in 3D could produce quantitative results that are stronger

than existing work. Text-guided diffusion models have taken the field of image generation by

storm, partly because they are being trained on pairs of images and text descriptions in the

order of billions. A plethora of novel research utilises models such as latent diffusion Rombach

et al. [2021] trained on these datasets of unprecedented scale as a backbone for downstream

applications, demonstrating that the model learned very strong priors. It would be interesting

to investigate to what degree such a model has learned pose and appearance as separate factors

and how such a disentanglement can be further facilitated.
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6.3 Conclusion

In this thesis we aimed to push the current boundaries of self-supervised learning in the context

of human pose estimation from images. More specifically, we asked what is the absolute min-

imum amount of supervision required to extract meaningful pose representations. It is not an

overstatement to say that we went further than any previous work in answering that question,

and demonstrated feasibility in some contexts and limitations to overcome in others. We are

certain that future work will address the remaining challenges and move us closer towards not

just fully self-supervised and accurate human pose estimation and tracking, but truly intelligent

systems that can learn from vast amounts of data without the need for human supervision.



Chapter 7

Appendix

7.1 Computer vision, machine learning & deep learning

We precede the introduction into relevant concepts by giving broad definitions of different

scientific disciplines.

Computer vision is a scientific discipline concerned with the recognition and interpretation

of image data in any form, for example coming from any type of camera, scanners, microscopes

or medical imaging devices. There are many different tasks of interest including the recognition

and classification of objects, tracking, segmentation, localisation and mapping and generating

or altering image content.

Machine learning , in its broadest definition, describes the use of algorithms running on

computing devices that can be trained to act on an input without explicit instruction Koza et al.

[1996]. Most commonly, algorithms are categorised depending on the nature of the learning

signal they are trained with:

• Supervised Learning : Given data {x1, ...,xn} and desired outcomes (labels) {y1, ...,yn}

coming from an external source, the goal is to train a model to map data to the desired
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Figure 7.1: Left: schematic display of an artificial neuron. Right: several artificial neurons
stacked into a layer.

outcome, most commonly through minimising an associated cost-function C. Often, find-

ing the particular cost function that leads to the desired outcome is a non-trivial task in

its own.

• Unsupervised Learning : In contrast to supervised learning, the model has no access to

external labels during the learning process. One prominent strategy is Self-Supervision,

in which labels can be found that are part of the data itself along with a proxy supervised

task, that, once learned by the model, generalises to or aids in finding the final desired

outcome.

Deep learning is a sub-field of machine learning concerned with the use of a particular class

of algorithm or model, the Artificial Neural Network. The term ’deep’ herein refers to several

layers of neurons stacked behind each other, such that the output of one layer gets fed to the

input of another until the final output has been reached. As the name suggests, Artificial

Neural Networks are inspired by biology in the form of connectivity patterns found between

neurons, the cells that are responsible for the electrical signal propagation responsible for brain

and nervous functions in animals.
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7.1.1 Artificial neural networks

The artificial neuron

The artificial Neuron (see Figure 7.1) forms the basis of the artificial network. Given an input

vector x ∈ Rn, the i-th neuron computes a weighted sum of each of the n components, adds a

bias b and passes the output to a non-linear activation function ϕ:

oi = ϕ(
n∑
winxn + b) (7.1)

As demonstrated in Krizhevsky et al. [2012], the choice of non-linear activation function is

crucial for faster convergence. The so called Rectified Linear Unit (ReLU in short) Jarrett

et al. [2009] has become the standard choice:

ϕ(x) = max(x, 0) (7.2)

A layer of neurons

Several neurons can be combined into a layer (see Figure 7.1). The output computation can be

conveniently expressed in vectorised form by a simple multiplication between the weight matrix

W ∈ Rm×n and the input vector x:

o = ϕ(Wx+ b) (7.3)

Neural networks

The layer described in the previous section forms the basic building block for Neural Networks,

that is, several layers with varying numbers of neurons stacked on top of each other. The final

output is the result of feeding the output of layer li to the next layer li+1. Put more formally,

the final output ofinal of a neural network with n layers is the result of a concatenation of neuron
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layer computations:

ofinal = ln(ln−1...(l0(x))) (7.4)

The connectivity pattern between neurons and input as well as the sequential order of com-

putation described here present only one of many possible configurations that depend on the

use-case and nature of the input data.

7.1.2 Convolutional neural networks: A strong prior for images

Convolutional filters in digital image processing

Mathematically, a two-dimensional image can be described as a function f : Ω ⊂ N2 → R that

maps each location within a two-dimensional grid to a scalar value. Image filtering is a standard

technique in digital image processing that allows to enhance, suppress or alter certain spatial

frequencies in the image. It is most commonly applied to reduce high-frequency noise (low-

pass filtering) or enhancing certain details including edges and boundaries (high-pass filtering).

Viewed in the spatial domain, image filtering can be described mathematically by convolving

a two-dimensional kernel function k : Λ ⊂ R2 → R with the image:

f̃ = f ∗ k (7.5)

The two-dimensional convolution operation in its discrete form can be expressed as:

f̂(x1, x2) =
∑
n

∑
m

f(x1 − k1, x2 − k2)k(n,m), (7.6)

where n and m are the indices of the spatial grid of the kernel function. Alternatively, one

can view convolution as sliding the kernel over each pixel of the image and computing the dot

product of overlapping kernel and pixel values as illustrated in Figure 7.3.
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Local connectivity and weight sharing

As mentioned earlier, the fully connected layer is only one of many possible connectivity patterns

in a neural network. Two particular characteristics have been demonstrated to work particularly

well with images:

• Local connectivity : each neuron is only connected to a small fraction of the input data.

• Weight-sharing : neurons share a common set of weights for the computation of their

response.

This is partially motivated by the organisation of the animal visual cortex, where groups of

neurons are only sensitive to a restricted part of the visual field. Translated into mathematical

formalism, let’s consider n neurons and an input x ∈ Rn. Each neuron is connected only to

a local neighbourhood of K + 1 input elements around a particular input location, the n-th

element of the input is connected to the n-th neuron, and all neurons share the same K + 1

weights, then the output of that neuron can be computed by:

o(n) =

K/2∑
k=−K/2

wkxi−k (7.7)

This corresponds to a 1-D convolution between a discrete signal and a kernel with kernel

size K + 1. For two-dimensional images, a 2D-convolution can be applied as described in

7.6. Convolutions with 2D kernels form the basis for Convolutional Neural Networks or CNNs

LeCun et al. [1998], where many kernels are convolved with the input image, resulting in a

bank of filter responses or feature maps.

The convolutional layer

A convolutional layer consists of several filter kernels, each of which is convolved with all incom-

ing features (3 in the very first layer for RGB colour-images). The results of the convolution

for each incoming channel are summed element-wise to form the final output activation map
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Figure 7.2: Left: example of a 3x3 kernel with associated weights. Middle: visualised 2d-
convolution: the 3x3 kernel (grey) is slid over the input (blue) and each entry in the resulting
feature map (turquoise) is the dot product of input values and kernel weights. Right: 96 11x11
filters learned by a convolutional neural network Krizhevsky et al. [2012]
.

for each filter kernel. To illustrate, a convolutional layer with 64 filter kernels will produce 64

activation maps.

7.2 Optimisation

Besides novel architectural designs including the use of ReLU Jarrett et al. [2009] activation

functions and convolutional filters, strong and efficient optimisation techniques are another

essential element for the recent success of the deep learning paradigm.

7.2.1 Gradient descent

In order for neural networks to learn, a parameter-dependent scoring function fθ : X × Y → R

can be defined that maps data from an input space X and an output from a model belonging

to the output space Y to a scalar value. The goal of optimisation is to find parameters θ

that minimise that function. If x and y come from a probability distribution, this equates to

minimising the expected value over the distribution of associated costs for all samples x and y:

θ∗ = argmin
θ

Ex,y[fθ(x, y, θ)] (7.8)

In most real-world applications a closed-form analytical solution is not available, and one needs
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to resort to iterative, approximating approaches. One such approach is gradient descent, where

one takes many steps t in the opposite direction of the gradient (meaning updating the param-

eters by subtracting the gradient with respect to the scoring function), which points along the

steepest descent of the loss curve, or generally speaking, surface:

θt+1 = θt − γ∇θf (7.9)

γ is referred to as the step size or learning rate and is a hyperparameter that determines the

magnitude of the directional vector along which to move during optimisation.

Stochastic gradient descent

In equation 7.9, the gradient is computed with respect to all samples in the data, which quickly

becomes computationally infeasible for large datasets. Instead, one can compute the gradient

with respect to a subsample, or batch, of the data. While this decreases the computational load,

it also increases the chances of escaping local minima, which are common on the non-convex

and high-dimensional loss surfaces of neural networks, due to the inherent noise that comes

from estimating the next step from a small subsample.

Momentum

Due to the non-convex nature of neural network optimisation, an additional momentum term

can be introduced to increase chances of convergence towards a global minimum instead of

becoming trapped in sub-optimal, local minima. This is achieved by simply adding the direc-

tional previous update to the current one. Intuitively, this is analogous to an object travelling

down an inclined surface and picking up speed, or momentum, due to gravity. Once the lowest

point in the neighbourhood (or a local minimum of the cost function in our picture) has been

reached, the object will continue to travel upwards against gravity for a certain amount of time

until stopping or reaching the next inclined terrain.
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∆θt = α∆θt−1 − γ∇θf (7.10)

θt+1 = θt +∆θt, (7.11)

where α ∈ [0, 1] is an another hyperparameter that controls the strength of the momentum

term.

Adam

Adam Kingma and Ba [2014] is a very popular momentum-based optimiser for neural networks

that keeps track of previous updates via an exponentially decaying moving-average:

gt = ∇θf (7.12)

mt = β1mt−1 + (1− β1)gt (7.13)

vt = β2vt−1 + (1− β2)g
2
t (7.14)

m̂t =
mt

1− βt
1

(7.15)

v̂t =
vt

1− βt
2

(7.16)

θt+1 = θt − γ · m̂t√
v̂t + ϵ

, (7.17)

where β1 and β2 ∈ [0, 1] control the degree of exponential decay, γ is the learning rate and ϵ is

a small value to avoid division by zero.

7.2.2 Backpropagation and automatic differentiation

The parameters θ to minimise the loss function are the weights defined in Equation 7.3, or,

in case of a convolutional neural network, the elements of the kernel k as displayed in Figure

7.3. The fundamental learning process of neural networks is that these weights are adjusted via

gradient descent, and the value by which weight changes per iteration depends on the partial
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derivative of the final loss function with respect to that weight. We can recall from equation

7.4 that a neural network can be viewed as a concatenation of individual functions per layer.

To calculate a specific gradient for one of these inner functions, one needs to apply the chain-

rule for differentiation, which involves computation of derivatives of the outer layers as well.

The repeated application of the chain rule to arrive at a certain location within the network

is referred to as backpropagation Rumelhart et al. [1986] and is the key mathematical concept

behind neural network optimisation. Modern deep learning software frameworks provide au-

tomatic backpropagation with the computation of partial derivatives in an efficient way also

referred to as automatic differentiation.

7.2.3 Other common components of neural networks

Down-and upsampling

In computer vision applications, neural networks often map a high dimensional input such

as an image to either a scalar as in classification or another image as in style transfer, image

translation or image segmentation. A common element of any convolutional filter-based network

architecture is a change of spatial resolution of the input accompanied by an increase in the

amount of feature maps from applying the learned filters. This change can be achieved either via

various image interpolation methods, pooling or strided convolutions, where the filter response

is only calculated for every n-th pixel in the image. When applying a filter with a stride of 2

and appropriate padding for instance, the resulting feature map has only half the resolution.

Max- and average-pooling

Another commonly applied strategy for sub-sampling images is pooling. In max-pooling Ya-

maguchi et al. [1990], a two-dimensional filter window (usually a square grid of varying sizes)

is slid over the input similarly to convolution, while only the maximum value from the input

values within that window is propagated, resulting in reduced dimensionality depending on
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Figure 7.3: Schematic overview of the convolutional neural network architecture from
Krizhevsky et al. [2012]. Height and width of the blocks correspond to the spatial resolution
of input and features across the network, while depth shows the number of feature or activa-
tion maps. Various pooling operations throughout the network, reshaping and fully-connected
layers towards the end transform the image to a low-dimensional vector denoting scores for a
number of predicted classes.

the window size. average pooling works analogously with the arithmetic mean instead of the

maximum.

7.2.4 Residual networks

Works including Simonyan and Zisserman [2014] and Szegedy et al. [2014] have demonstrated

that increased neural network depth, i.e. number of layers, leads to better performance in image

classification tasks. However, adding more and more layers eventually leads to saturation and

an actual decrease in performance He et al. [2015]. Empirically, adding so called short-cut, skip

or residual connections within the network helps to stabilise training and convergence even

for very deep convolutional architectures with 50 layers and more. Li et al. [2017] make use

of various techniques to visualise the topology of loss surfaces of different architectures and

note striking differences between deep networks with and without skip-connections in terms

of smoothness (absence of many large peaks and valleys), which suggests better conditions for

optimisation via gradient descent.

Mathematically, skip connections simply refer to adding the original input x back to the output

of an arbitrary amount of layers, denoted by a function f :

y = f(x) + x (7.18)
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Note that the addition is performed element-wise. In case of a dimensional mismatch between

x and f(x), x can be mapped to the same dimensions via a shallower function (i.e. less

parameters or overall layers than f), often implemented via a convolution with a kernel size of

1. Skip-connections are present in a wide range of modern deep learning architectures.
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