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Abstract

Single-particle cryo-electron microscopy (cryo-EM) is widely used to study the structure of

macromolecular assemblies. Tens of thousands of noisy two-dimensional images of the mac-

romolecular assembly viewed from different directions are used to infer its three-dimensional

structure. The first step is to estimate a low-resolution initial model and initial image ori-

entations. This is a challenging ill-posed inverse problem with many unknowns, including an

unknown orientation for each two-dimensional image. Obtaining a good initial model is crucial

for the success of the subsequent refinement step. In this thesis we introduce new algorithms for

estimating an initial model in cryo-EM, based on a coarse representation of the electron density.

The contribution of the thesis can be divided into these two parts: one relating to the model,

and the other to the algorithms. The first main contribution of the thesis is using Gaussian

mixture models to represent electron densities in reconstruction algorithms. We use spherical

(isotropic) mixture components with unknown positions, size and weights. We show that using

this representation offers many advantages over the traditional grid-based representation used

by other reconstruction algorithms. There is for example a significant reduction in the number

of parameters needed to represent the three-dimensional electron density, which leads to fast

and robust algorithms. The second main contribution of the thesis is developing Markov Chain

Monte Carlo (MCMC) algorithms within a Bayesian framework for estimating the parameters

of the mixture models. The first algorithm is a Gibbs sampling algorithm. It is derived by start-

ing with the standard Gibbs sampling algorithm for fitting Gaussian mixture models to point

clouds, and extending it to work with images, to handle projections from three dimensions to

two dimensions, and to account for unknown rotations and translations. The second algorithm

takes a different approach. It modifies the forward model to work with Gaussian noise, and uses

sampling algorithms such as Hamiltonian Monte Carlo (HMC) to sample the positions of the

mixture components and the image orientations. We provide extensive tests of our algorithms

using simulated and experimental data, and compare them to other initial model algorithms.
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Zusammenfassung

Eine Hauptanwendung der Einzelpartikel-Analyse in der Kryo-Elektronenmikroskopie ist die

Charakterisierung der dreidimensionalen Struktur makromolekularer Komplexe. Dazu werden

zehntausende Bilder verwendet, die verrauschte zweidimensionale Projektionen des Partikels

zeigen. Im ersten Schritt werden ein niedrig aufgelöstetes Anfangsmodell rekonstruiert sowie

die unbekannten Bildorientierungen geschätzt. Dies ist ein schwieriges inverses Problem mit

vielen Unbekannten, einschließlich einer unbekannten Orientierung für jedes Projektionsbild. Ein

gutes Anfangsmodell ist entscheidend für den Erfolg des anschließenden Verfeinerungsschrittes.

Meine Dissertation stellt zwei neue Algorithmen zur Rekonstruktion eines Anfangsmodells in

der Kryo-Elektronenmikroskopie vor, welche auf einer groben Darstellung der Elektronendichte

basieren. Die beiden wesentlichen Beiträge meiner Arbeit sind zum einen das Modell, welches

die Elektronendichte darstellt, und zum anderen die neuen Rekonstruktionsalgorithmen. Der

erste Hauptbeitrag liegt in der Verwendung Gaußscher Mischverteilungen zur Darstellung von

Elektrondichten im Rekonstruktionsschritt. Ich verwende kugelförmige Mischungskomponenten

mit unbekannten Positionen, Ausdehnungen und Gewichtungen. Diese Darstellung hat viele

Vorteile im Vergleich zu einer gitterbasierten Elektronendichte, die andere Rekonstruktionsal-

gorithmen üblicherweise verwenden. Zum Beispiel benötigt sie wesentlich weniger Parameter,

was zu schnelleren und robusteren Algorithmen führt. Der zweite Hauptbeitrag ist die En-

twicklung von Markovketten-Monte-Carlo-Verfahren im Rahmen eines Bayes’schen Ansatzes zur

Schätzung der Modellparameter. Der erste Algorithmus kann aus dem Gibbs-Sampling, welches

Gaußsche Mischverteilungen an Punktwolken anpasst, abgeleitet werden. Dieser Algorithmus

wird hier so erweitert, dass er auch mit Bildern, Projektionen sowie unbekannten Drehungen

und Verschiebungen funktioniert. Der zweite Algorithmus wählt einen anderen Zugang. Das

Vorwärtsmodell nimmt nun Gaußsche Fehler an. Sampling-Algorithmen wie Hamiltonian Monte

Carlo (HMC) erlauben es, die Positionen der Mischungskomponenten und die Bildorientierungen

zu schätzen. Meine Dissertation zeigt umfassende numerische Experimente mit simulierten und

echten Daten, die die vorgestellten Algorithmen in der Praxis testen und mit anderen Rekon-

struktionsverfahren vergleichen.
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Chapter 1

Introduction

1.1 Cryo-electron microscopy

Many of the important processes taking place in cells are carried out by macromolecular assem-

blies. To understand how these large biological molecules perform their functions, it is important

to know what they look like. The three-dimensional structure of macromolecular assemblies can

be determined by structural biologists using various experimental techniques.

A relatively new technique for inferring the structure of macromolecular assemblies is cryo-

electron microscopy (cryo-EM). In contrast to X-ray crystallography, it does not require the

macromolecular assembly to be crystallised, thereby allowing it to retain its native structure.

Compared to nuclear magnetic resonance (NMR), it can be used to determine the structure of

much larger macromolecular assemblies.

To apply cryo-EM to a macromolecular assembly, many copies of the macromolecular as-

sembly are isolated in a water solution, and spread over a two-dimensional carbon grid. The

grid is rapidly frozen using liquid ethane to prevent the water from crystallising. This ensures

that the native structure of the macromolecular assembly particles is preserved.

The ice layer with the frozen particles is imaged using a transmission electron microscope

(TEM). The images contain two-dimensional projections of the three-dimensional particles: the

intensity of each pixel is proportional to the integral of the electron density of the particle along

the imaging direction (Fig. 1.1).

The electron microscope uses a very low electron dose to limit damage to the particles caused

by the electron beam. As a result, the particle images have a very low signal-to-noise (SNR)

ratio. To compensate for the low SNR, a large number of particles are imaged (around 104 to

105).

The particles are oriented randomly in the ice layer. This means that every particle image

is the projection of a different particle along a random, unknown direction. An additional

complication is that there could be variations in the structure of the particles. In this thesis we

will ignore the variations.

1



1.2. Cryo-EM data processing pipeline 2

Ice layer

Micrograph

Electron beam

Figure 1.1: (Left) Multiple particles in random orientations are imaged using an electron mi-

croscope to produce an image called a micrograph. (Right) Individual particle images in the

micrograph are identified during the particle picking step (green squares).

The challenge in cryo-EM is to infer the three-dimensional electron density from its two-

dimensional projections. What makes this hard is that the orientations of the particles are

unknown. The resulting electron density map typically has a resolution in the range of 3 (near-

atomic) to 25 Å. By combining cryo-EM density maps with other sources of information, such

as the atomic structure of protein subunits, an atomic model of the macromolecular assembly

can sometimes be inferred.

The above procedure to infer the structure of a single macromolecular assembly is also known

as single-particle cryo-EM. In contrast, electron tomography is another cryo-EM technique which

is used to study larger structures, such as an entire cell. We will not be concerned with such

alternative cryo-EM techniques, and will therefore refer to single-particle cryo-EM simply as

cryo-EM.

1.2 Cryo-EM data processing pipeline

The data processing pipeline consists of several steps to reconstruct a high-resolution electron

density from the images recorded by the electron microscope. Each microscope image, known

as a micrograph, contains the projected images of many particles. Locating the particle images

in each micrograph is known as particle picking, which is the first step in the data processing

pipeline (Fig. 1.1).

The next step is to cluster the particle images into groups. To each particle image corres-

ponds a specific three-dimensional orientation of the particle, which can be parametrised by the

projection direction (two parameters) and an in-plane rotation (one parameter). Particles with

similar projection directions are grouped together, and aligned relative to each other by in-plane
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· · ·

· · ·

· · ·

...
...

...
...

Figure 1.2: Individual particle images are clustered, aligned and averaged to obtain class aver-

ages. They have a higher signal-to-noise ratio, and reduce the number of orientation parameters.

rotations and translations. The aligned particles in each group, or class, are averaged together

to produce a single class average (Fig. 1.2). This class averaging step summarises the original

set of around 104 particle images by a much smaller set of around 10 to 100 class averages with

a much higher SNR. In addition to reducing the noise level, class averaging also reduces the

number of unknown particle orientation parameters.

The next step is to use the class averages to infer an initial, low-resolution model of the

electron density (Fig. 1.3).

In the final step, the initial model is refined using the individual particle images to obtain a

final, high-resolution model.

Obtaining a good initial model is crucial, as it strongly influences the result of the refinement

step. If we view the reconstruction problem as trying to locate the global optimum of a cost

function, then the refinement step is a local search starting from the initial model. An unsuitable

initial model would lead the local search to converge to a local optimum instead of a global one.

In some cases, a good initial model might already be available. It could, for example, have

been obtained from a previous reconstruction of the same or a similar macromolecular assembly.

But in general, algorithms for inferring initial models from class averages form an important

step in the data processing pipeline.

The focus of this thesis will be on developing algorithms for inferring initial models.

1.3 Reconstructions from images with known orientations

The previous section outlined the typical pipeline used in cryo-EM for obtaining a high-resolution

reconstruction from particle images where the particle orientations are unknown. Algorithms

for the initial model step and the refinement step are often based on solutions to the simpler
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Figure 1.3: An initial three-dimensional reconstruction is computed from the class averages.

This initial model is refined using the individual particle images.

problem where the particle orientations are known. If we assume that we know the orientation of

the particle corresponding to each image, then there are several efficient and robust algorithms

for reconstructing the electron density (see Penczek (2010a) and Frank (2006, Chapter 5) for

more detailed overviews).

The reconstructed electron density is usually represented on a regular three-dimensional

grid of dimension L × L × L, say with L = 100, and with equal grid spacing in all dimensions.

Estimating the L3 volume parameters given a number of L×L input images and their orientation

parameters is the task of the reconstruction algorithm.

Fourier-based reconstruction algorithms estimate the Fourier representation of the electron

density on a regular grid in Fourier space, and then apply the inverse Fourier transform to

recover the desired electron density in real space.

The reconstruction in Fourier space is based on the projection-slice theorem (Frank 2006,

Chapter 5). We project the electron density in an arbitrary direction, and compute the Fourier

transform of the projected image. The theorem then states that this two-dimensional Fourier

transform can also be obtained as a slice through the origin of the three-dimensional Fourier

transform of the original electron density. The slice should be orthogonal to the projection

direction.

To apply this theorem to our input images, we first compute their Fourier transforms, and

then orient them in three-dimensional Fourier space orthogonal to their respective projection

directions. Given enough images, the resulting irregular sampling of the electron density in
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Fourier space can be interpolated to a regular grid. A widely-used Fourier-based reconstruction

algorithm that uses this approach is known as direct Fourier inversion (Penczek et al. 2004).

A second reconstruction technique is weighted back-projection (Radermacher 1988). Each

image is back-projected to three dimensions in real space by smearing it out along its projection

direction. To prevent an over-emphasis on the lower frequencies, and to account for the uneven

distribution of projection directions, each image is modified using a two-dimensional weighting

function in Fourier space before being back-projected.

Direct Fourier inversion and weighted back-projected are examples of transform methods

(Penczek 2010a), because they make use of the projection-slice theorem. The other class of

methods are known as algebraic methods.

Algebraic methods (Gilbert 1972; Gordon et al. 1970) formulate the reconstruction problem

as a system of linear equations relating the unknown density parameters to the observed images.

To each pixel in every image corresponds an equation which discretises the line integral along

the projection direction onto that pixel. The unknown density can be estimated by solving the

overdetermined system of linear equations. The noise is assumed to be i.i.d. Gaussian noise,

leading to a least-squares solution.

Algebraic methods have several advantages, such as formulating the reconstruction problem

as a linear least squares problem, for which well-established solutions exist. In contrast to

transform methods, they do not need to take into account the uneven distribution of projection

directions. Furthermore, they can be modified to use different noise models and to impose other

constraints. Their main disadvantage, however, is that they are computationally more expensive

than the transform methods.

A popular variation of the algebraic method ART (Algebraic Reconstruction Technique,

Gordon et al. (1970)) is ART-with-blobs (Marabini et al. 1998). Instead of the usual voxel-

based representation, it uses smooth, spherically symmetric volume elements. These ‘blobs’

are still located along a regular grid, but because they are spherically symmetric, computing

projections becomes faster and more accurate. Compared to weighted back-projection, they

produce superior quality reconstructions at a lower computational cost (Marabini et al. 1998).

1.4 Algorithms for inferring initial models

There exist many algorithms for inferring initial models. The problem is still the subject of

active research, with at least five new algorithms introduced in the last five years. The different

algorithms approach the problem in many different ways. In this section we will identify common

themes, and motivate our own approach.

1.4.1 Statistical models

The initial model problem is an inverse problem. We can define model parameters θ to describe

the unknown electron density and other relevant parameters. The data D is the images, either
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class averages, or individual particle images. And the forward model describes how to generate

the images (the data) from the electron density (the model parameters). The goal is then to do

the reverse, i.e. to estimate the model parameters from the data.

The data is corrupted by noise, which we can include in our model by using a statistical

forward model. This means that for given values of the model parameters θ, our forward model

is a probability distribution p(D|θ) over possible data sets. Having specified θ, D and p(D|θ),
there are well-established statistical approaches for estimating θ given D.

Defining a statistical model, and using statistical inference to estimate the model paramet-

ers is a widely used and natural approach for a problem such as this. Although some of the

algorithms for inferring initial models that we will review here do follow this approach explicitly,

many others use ad hoc approaches.

In considering the variety of different algorithms, the advantage of the statistical modelling

point of view is that even ad hoc algorithms can often be understood as being based on an

implicit statistical model, or at least containing elements of a statistical model. This is useful

for drawing comparisons between algorithms, and for understanding their implicit assumptions.

We will make such comparisons at the end of this chapter, and discuss some of the benefits of

using statistical modelling over ad hoc algorithms.

1.4.2 Algorithms based on common lines

Initial model algorithms typically estimate two distinct sets of parameters. Most important

is the electron density, represented on a grid of size L × L × L, for a total of L3 parameters.

In addition, for each of the P input images there is an unknown particle orientation (three

parameters) and an unknown in-plane translation (two parameters), a total of 5P parameters.

Many algorithms estimate all these parameters simultaneously. Other algorithms take a

two-step approach: they first estimate the orientations and translations of the images, and then

estimate the electron density using one of the reconstruction algorithms from Section 1.3.

In the two-step approach, the image orientations can be estimated by using the principle

of common lines. The principle of common lines follows from the projection-slice theorem

introduced in Section 1.3. Consider two images created by projecting an electron density in

two non-parallel directions. According to the projection-slice theorem, the Fourier transforms

of the images will correspond to two slices through the center of the Fourier transform of the

electron density. For non-parallel projection directions, the two slices will intersect in exactly

one common line.

Now suppose that we do not know how the two images are oriented relative to each other, but

that we have identified the common line in their Fourier transforms. This reduces the number of

degrees of freedom of the relative orientation from three to one. By introducing a third image,

and locating its common line with each of the first two images, it becomes possible to determine

all three image orientations relative to each other.

Additional images are added one at a time, by exhaustively searching through a discrete grid
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over all possible orientations. Once an image has been added, its orientation is not modified

again, and it serves as a reference for subsequent images. Given enough images, the electron

density can be reconstructed using the estimated orientations.

This algorithm is known as angular reconstitution (van Heel 1987). It relies on being able to

accurately determine the common lines. It works best for symmetric structures, such as viruses,

where three class averages are enough to obtain an initial model. When adding additional

images for non-symmetric structures, errors in the initial common line estimates propagate and

are amplified. The final reconstruction strongly depends on the choice of the first three images.

Instead of estimating orientations one at a time, Penczek et al. (1996) introduced an al-

gorithm for estimating all orientations simultaneously. By discretising the space of orientations,

the problem is formulated as a discrete optimisation problem. However, finding the global op-

timum is hard, given that the number of possible solutions grows exponentially with the number

of images.

More robust optimisation methods such as simulated annealing enabled Elmlund and Elmlund

(2012), Elmlund et al. (2010) and Elmlund et al. (2008) to estimate more orientations simultan-

eously.

Another class of common lines algorithms are based on mathematically sophisticated ideas

from convex optimisation, semidefinite relaxation, and spectral methods (Singer and Shkolnisky

2011; Singer et al. 2010; Wang et al. 2013). In contrast to earlier approaches, they introduce a

model for errors in common line estimates. A common line between two images is assumed to

be either exactly correct, or completely random. Under this assumption, they show that only

a small fraction of common lines need to be estimated correctly to determine all orientations

correctly.

One drawback of common line algorithms is that it is not clear how to model the errors in

common line estimates. These errors are influenced not only by the image noise, but also by the

unknown electron density and the projection directions. Part of the difficulty comes from the

separation between the parameters describing the electron density and the orientations.

1.4.3 Algorithms based on projection matching

An alternative to the above two-step approach is to estimate both the orientation parameters

and the electron density parameters at the same time. Most algorithms that follow this approach

are based on projection matching.

Projection matching (Penczek et al. 1994) is the standard algorithm used in the refinement

step of the cryo-EM pipeline (Section 1.2). It improves the resolution of the reconstruction

by refining the orientation parameters. It is an iterative algorithm which alternates between

updating the electron density, and updating the orientations.

At every iteration, the current estimate of the electron density is projected along a discrete

grid covering the range of possible projection directions. Every particle image is compared to

every projection image by computing the cross-correlation coefficient. The orientation of the
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projection image maximising the cross-correlation is used to update the orientation parameters

of the particle image.

Using the updated orientation parameters, a new electron density is reconstructed with one

of the reconstruction algorithms from Section 1.3.

These two steps are repeated, usually a predetermined number of times. After a few iter-

ations, there are typically only small changes in the orientation parameters, and therefore the

discrete grid over all orientations can be replaced by a smaller grid in the neighbourhood of the

previous orientation.

Projection matching is widely used, and works well if the initial electron density does not

differ too much from the ‘true’ electron density. Note that there is no explicit or implicit cost

function that is being optimised, and therefore no guarantee that the algorithm will converge.

Furthermore, there are many algorithmic settings which can influence the final result, such as

the choice of discrete grid of orientations at every step, and the function to compare projection

images to particle images. Determining appropriate settings requires an experienced user, and

can lead to results that are biased.

The simplest initial model algorithm based on projection matching is the random model

algorithm (Sanz-Garcia et al. 2010; Yan et al. 2007). A similar algorithm is used by the software

suite EMAN2 (Tang et al. 2007). They start with a random model, and refine it using projection

matching. Class averages are used instead of individual particle images.

Creating an initial random model can be done in different ways. Sanz-Garcia et al. (2010)

assigned random orientations to the input images and used them to reconstruction an initial

random model. In contrast, EMAN2 applies a low-pass filter to three-dimensional random noise.

Because it uses projection matching, the result of the random model algorithm will be biased

by the initial random model. To make it more robust, the algorithm is usually repeated several

times starting from different random models. The corresponding final models are then ranked

using different strategies. One strategy is to compute the cross-correlations between the input

images and the projections of the final model using the estimated orientations. Sanz-Garcia

et al. (2010) evaluated this and several other strategies based on Fourier shell correlation (FSC,

see page 53), principal component analysis (PCA) and map variance. They concluded that no

single strategy is always reliable, and highlighted the importance of comparing different models

by eye.

Similarly to the algorithms based on common lines, random model algorithms also work

better if the structure can be assumed to be symmetric, as was done by Yan et al. (2007).

Sanz-Garcia et al. (2010) explored asymmetric structures, and found that their method works

if there are prominent structural features, but struggles with round and relatively featureless

structures.

To summarise, random model algorithms only work on some structures, and lack a reliable

way of comparing multiple resulting models. They may also require careful tuning of algorithmic

parameters such as the angular step size in each projection matching iteration (Sanz-Garcia et
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al. 2010).

Two recent algorithms (Elmlund et al. 2013; Sorzano et al. 2015) modify the projection

matching strategy to try not to get trapped in local optima. In particular, they modify the

orientation assignment step. In projection matching, each data image is assigned a single orient-

ation, corresponding to the most similar projection image. But there are often several projection

images that are similar to the data image, possibly corresponding to very different orientations.

This can be due to the noise in the data image, or because the current estimate of the electron

density still differs too much from the ‘true‘ density. Instead of trying to choose between these

equally worthy candidates, Elmlund et al. (2013) and Sorzano et al. (2015) assign multiple pro-

jection images to a single data image. A weight is attached to each projection image to quantify

how similar it is to the data image. During the subsequent reconstruction step of projection

matching, all the assigned projection images are used, possibly including copies of the same

image, one for each data image to which it was assigned.

Replacing hard orientation assignments by soft assignments in this way makes the algorithm

more robust. But to turn the above general description into a concrete algorithm, several details

have to be specified, such as choosing which projection images to assign to a data image, and

how to compute the weights.

Both Elmlund et al. (2013) and Sorzano et al. (2015) use cross-correlations to compare

projections and data images. But Sorzano et al. (2015) then choose a predetermined percentage

of images with the highest cross-correlations, letting the percentage threshold decrease from

15% to 0.01% over several iterations. In contrast, Elmlund et al. (2013) set the threshold to

the highest cross-correlation from the previous iteration, and use only a random subset of the

highest cross-correlations.

To determine the weights, Sorzano et al. (2015) directly normalise the cross-correlations

themselves, while Elmlund et al. (2013) first apply two successive transformations to the cross-

correlations, each involving the exponential function, before normalising the result.

These choices constitute two ad hoc approaches, with many algorithmic parameters that can

be adjusted by the user, leading to biased results. We will see below that a similar algorithm

follows naturally from a more principled approach, with fewer algorithmic parameters, and ones

that are easier to interpret.

These two algorithms also differ in other ways. Instead of using class averages as data

images, Elmlund et al. (2013) start with the individual particle images. In this way, the class

averaging step is made part of the initial model inference algorithm. The resulting algorithm is

computationally very demanding, requiring around 5000 to 10000 CPU hours. In comparison,

the algorithm by Sorzano et al. (2015) is relatively fast, needing just a few hours starting from

the class averages.
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1.4.4 Algorithms with many initial models

The algorithms in the previous section modified projection matching to make it more likely that

any starting model will converge to the global optimum. An orthogonal strategy is to use a

simpler, faster algorithm instead of projection matching, and then repeat it with a large number

of starting models in the hope that at least one will converge to the global optimum.

The algorithms introduced by Lyumkis et al. (2013) and Vargas et al. (2014) use far more

starting models than the random model algorithms from the previous section.

Vargas et al. (2014) form about 20 to 50 class averages, and then select 380 random subsets

of 4 to 9 class averages. They use non-linear dimensionality reduction to project the original

class averages onto a two-dimensional subspace, and then use this representation to ensure that

similar class averages are not in the same subset. A reconstruction is obtained from each subset

using random orientation assignments. All the reconstructions obtained in this way are ranked

according to how well their projections match the input class averages. The best 5 to 10 models

are refined using projection matching, and the best one is the result of the algorithm.

Lyumkis et al. (2013) reconstruct up to 1000 different models using a common-lines based

approach. The models are aligned, clustered and averaged, and the averages are refined using

projection matching. The refined averages are also ranked by comparing their projections to the

input class averages.

Compared to the algorithms from the previous section, these two algorithms also have many

algorithmic parameters that have to be carefully tuned. As in the case of the random model

algorithms, they also need a way to rank their final models, and each introduces its own ad hoc

approach to do so.

Similarly to the random model algorithms and the initial common lines based algorithms,

most of the examples by Vargas et al. (2014) are of symmetric structures. The only asymmetric

structure is the 70S ribosome. On the other hand, their algorithm requires less than an hour on

a laptop for the ribosome, which is much faster than most other algorithms. This shows that

fast algorithms for inferring initial models are possible.

1.4.5 Algorithms based on a statistical model

In this section we describe algorithms that use a statistical forward model and optimise an

explicit cost function. There are not many such algorithms for inferring initial models, and

therefore we also include a few refinement algorithms.

All these algorithms use the same forward model, or extensions of it. We first describe the

forward model without using grids. Let ṽ : R3 7→ R be the electron density, and let ỹi : R
2 7→ R

be the ith image. Correspond to the ith image is the ith rotation Ri ∈ SO(3), and the ith

translation ti ∈ R
3.

The ith transformation τi(x) := Rix+ti is defined as the composition of the rotation and the

translation. The corresponding linear operator T (Ri, ti) acts on ṽ to give T (Ri, ti)ṽ : R3 7→ R,
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where for x ∈ R
3:

(T (Ri, ti)ṽ)(x) = ṽ(τ−1
i (x)) = ṽ(RT

i (x− ti)). (1.1)

In other words, T (Ri, ti) transforms the density by first rotating it by Ri and then translating

it by ti.

Also define a projection operator P which acts on the density ṽ to give P ṽ : R2 7→ R, where

for x = (x1, x2, x3) ∈ R
3:

(P ṽ)(x1, x2) =

∫

R

v(x1, x2, x3)dx3. (1.2)

In other words, P projects the density along the z-axis.

Then according to the forward model (without noise), the ith image is obtained from the

density by rotating, translating, and then projecting it:

ỹi = PT (Ri, ti)ṽ. (1.3)

Next we fix a three-dimensional L× L× L grid for the density map, and a two-dimensional

L × L grid for the images. The length L3 density vector v is obtained by evaluating ṽ on the

three-dimensional grid, and each length L2 image vector yi is obtained from ỹi by evaluation

on the two-dimensional grid. Corresponding to the linear operator PT (Ri, ti) is the L2 × L3

matrix PT (Ri, ti), which describes how to interpolate the three-dimensional grid to project it

in the ith direction.

Discretising the forward model in Eqn. 1.3 and adding i.i.d. Gaussian noise with variance

σ2, the forward model for a single image becomes:

yi = PT (Ri, ti)v + ǫi. (1.4)

If we define the data D as consisting of all the images yi, and the model parameters θ as

the density v, the rotations Ri, and the translations ti, then the entire forward model can be

written as:

p(D|θ) =
P∏

i=1

N (yi|PT (Ri, ti)v, σ
2I), (1.5)

where N denotes the normal distribution, and I is the L2 × L2 identity matrix.

Yang et al. (2005) described a refinement algorithm which aims to find the corresponding

maximum likelihood estimate:

θML = argmax
θ

p(D|θ) (1.6)

= argmin
θ

P∑

i=1

‖PT (Ri, ti)v − yi‖2, (1.7)
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where ‖·‖ is the Euclidean norm. They approximate the gradients of the cost function in Eqn. 1.7

using finite differences, and use the quasi-Newton optimisation algorithm LBFGS (Nocedal 1980)

to find a local optimum.

This algorithm is similar to projection matching. If we fix the rotations and translations

in Eqn. 1.7, then we obtain the cost function being optimised by the algebraic reconstruction

techniques (Section 1.3), which is the reconstruction step of projection matching. Conversely, if

we fix the electron density, then the local rotation updates correspond to the orientation assign-

ment step in projection matching where only a neighbourhood of the current best orientation

for each image is explored.

One advantage over projection matching is that several algorithmic parameters are no longer

necessary, such as the angular step size and the size of the orientation neighbourhood. Another

advantage is that instead of alternating between the two sets of parameters, both are optimised

simultaneously. Furthermore, the cost function is guaranteed to decrease at every step.

The cost function of Eqn. 1.7 is also related to the cross-correlation function used to com-

pare projection images and data images in several of the algorithms discussed so far. Let

ŷi = PT (Ri, ti)v be the projected image. Then

‖PT (Ri, ti)v − yi‖2 = ‖ŷi − yi‖2 (1.8)

= ‖ŷi‖2 − 2〈ŷi, yi〉+ ‖yi‖2, (1.9)

where 〈·, ·〉 denotes the dot product, which is the unnormalised cross-correlation. Note that

the last term ‖yi‖2 is constant. Thus if we assume that the first term ‖ŷi‖2 does not vary too

much, then minimising the cost function of Eqn. 1.7 is equivalent to maximising the average

cross-correlation between projection images and data images.

Several algorithms discussed so far (Lyumkis et al. 2013; Sanz-Garcia et al. 2010; Vargas et al.

2014) compare multiple reconstructed electron densities based on the average cross-correlation

between their projections and the data images. The above argument shows that this is equivalent

to comparing their likelihoods (Eqn. 1.6).

Interpreting the algorithms in terms of the forward model and the cost function also gives

insight into how they may be changed. For example, Sorzano et al. (2015) suggest using a

different distance measure between projection images and data images, one which takes into

account local neighbourhoods of pixels. But this can be shown to be equivalent to modifying

the noise model to use correlated Gaussian noise instead of i.i.d. noise.

The refinement algorithm by Yang et al. (2005) was presented as a proof of concept, and only

applied to simulated data. Another refinement algorithm based on a statistical forward model

was introduced by Scheres et al. (2007). It was named ML3D in reference to the maximum

likelihood framework.

Scheres et al. (2007) estimate multiple conformations of the electron density simultaneously.

This is done by extending the above forward model: every particle image is generated as the

projection of one of K distinct electron densities.
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All the algorithms presented so far estimate both the electron density and the rotations.

Ultimately, however, we are only interested in the electron density. Scheres et al. (2007) take this

into account by integrating out the rotations. The integration is approximated by a summation

over a discrete grid of rotations.

Using the resulting forward model they again define the cost function as the ML estimate of

the model parameters. To optimise the cost function they use expectation maximisation (EM,

see Section 2.2.2).

The resulting algorithm is similar to several of the algorithms based on projection matching

from Section 1.4.3. The E-step of the EM algorithm is similar to the orientation assignment step

of projection matching, while the M-step of the EM algorithm corresponds to the reconstruction

step of projection matching.

Integrating out the rotations by computing a sum over a discrete grid of rotations is similar

to the way in which soft orientation assignments are computed by Elmlund et al. (2013) and

Sorzano et al. (2015).

Subsequent improvements to ML3D include the introduction of explicit prior distributions on

the model parameters as needed for a Bayesian approach, and the use of maximum a posteriori

(MAP) estimates instead of ML estimates (Scheres 2012a,b).

The ML3D algorithm and its later versions (Scheres 2012b; Scheres et al. 2007) are all

refinement algorithms, requiring an initial model. A Bayesian approach to initial model inference

was proposed by Jaitly et al. (2010). They estimate only a single electron density, but also

integrate out the rotations and derive a cost function based on a MAP estimate.

To make their algorithm robust enough to find the global optimum, they use a quasi-Newton

optimisation algorithm combined with simulated annealing. In addition, they downsample the

class averages to 32×32.

The resulting algorithm is computationally intensive, requiring about a week for asymmetric

structures.

The algorithms in this section are similar in many ways to algorithms presented earlier. The

difference is that all our assumptions about the problem are explicitly encoded by the statistical

forward model, instead of being hidden in the algorithmic details of ad hoc algorithms. This

reduces the potential bias that can be introduced by a user through the tweaking of algorithmic

parameters.

A statistical model also allows for a clear distinction between the optimisation algorithm

and the forward model. The forward model determines the cost function to optimise, while the

optimisation algorithm dictates how that cost function should be optimised. This is useful for

understanding why a method does not work, and for suggesting ways of improving it.

The parameters used by the algorithm can also be divided into those defining the forward

model, and those needed by the optimisation algorithm. With an ad hoc algorithm, all the

parameters could influence both the forward model and the optimisation.

Although there are many advantages to using a statistical approach, one disadvantage is that
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the algorithms introduced so far tend to be computationally intensive, and are mostly refinement

algorithms that require an initial model.

In this thesis we will introduce algorithms for inferring initial models that are both fast, and

use a statistical framework.

Our approach is based on the idea of using a coarse-grained, grid-independent representation

of the electron density, in contrast to the grid-based representations used by the algorithms re-

viewed in this chapter. The coarse-grained representation will use Gaussian mixture models with

isotropic components. These have many benefits, such as allowing structures to be represented

efficiently with a small number of model parameters and allowing projections to be computed

efficiently without grid interpolation.

To estimate the model parameters, we will follow a Bayesian approach, as was done by some

of the algorithms reviewed above (Jaitly et al. 2010; Scheres 2012b). We will also introduce

priors on the parameters to encode our prior knowledge. But instead of computing just a single

MAP (maximum a posteriori) estimate of the mode of the posterior distribution, we will use

Markov chain Monte Carlo (MCMC) algorithms for sampling from the full posterior.

The representation using Gaussian mixture models and the MCMC algorithms for sampling

the model parameters will be introduced in Chapter 2. We will also show how the same approach

can be used for related problems, such as computing a coarse-grained representation from a

three-dimensional density, or reconstructing a mixture model representation from class averages

with known orientations.

The algorithms will be applied to simulated data in Chapter 3. Different structures will

be used, and the effect of the different model parameters and algorithmic parameters will be

studied in depth.

In Chapter 4 we will apply the algorithms to real data, in particular to the 70S ribosome,

GroEL, and APC/C. We will also introduce a CTF-correction algorithm for preparing the class

averages.

Chapter 5 will introduce a variation on the previous algorithms by changing the noise model.

The resulting algorithm will be applied to simulated and real data, and compared to the earlier

approach.

Conclusions and an outlook for future work is presented in Chapter 6.



Chapter 2

Reconstruction algorithms using

Gaussian mixture models

All the initial model algorithms reviewed in the previous chapter use a regular grid to represent

the electron density. Such a grid typically has a large number of parameters (the number of

voxels), allowing it to represent electron densities at a high resolution.

But initial models do not need to be have a high resolution. They only have to be accurate

enough for the subsequent refinement step to converge to a good solution. One way to limit

the resolution of initial models is by removing high-resolution models from the search space.

This would simplify the optimisation problem, leading to more robust algorithms. It would also

reduce the computation time.

Some algorithms remove high-resolution models by using a coarser grid, with 64 × 64 × 64

being a common choice (Scheres et al. 2007; Sorzano et al. 2015). Other algorithms suppress

high-resolution models by applying low-pass filters, either to the input class averages (Vargas

et al. 2014), or to the three-dimensional density at every iterative step of the reconstruction

algorithm (Scheres 2012a).

In this thesis, we address this problem by using a completely different model to represent

the electron density, namely a Gaussian mixture model. We will show that this significantly

reduces the number of parameters used by previous approaches, even ones using coarser grids.

It also excludes high-resolution densities from the parameter space, thereby removing the need

for ad hoc low-pass filters.

The first part of this chapter will be about the alternative density model. In the rest of the

chapter we will define an appropriate statistical forward model, and introduce algorithms for

estimating the model parameters.

15
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Figure 2.1: Examples of one-dimensional Gaussian distributions with different parameters. The

mean µ determines the center of the distribution, and the standard deviation σ determines its

width.

2.1 Gaussian mixture models

2.1.1 One-dimensional GMMs

Our building block is the Gaussian distribution, also known as the normal distribution. The

one-dimensional Gaussian distribution is parameterised by its mean µ and variance σ2, where σ

is referred to as the standard deviation. The distribution has the following probability density

function:

N (x|µ, σ2) =
1

σ
√
2π

exp

{−(x− µ)2

2σ2

}

. (2.1)

The mean µ determines the position of the distribution, and the standard deviation σ de-

termines its width (Fig. 2.1).

Individual Gaussian distributions cannot accurately approximate complicated distributions.

A wider class of distributions can be obtained by combining multiple Gaussian distributions in

a weighted sum, known as a Gaussian mixture model (GMM):

h(x) =
K∑

k=1

wkN (x|µk, σ
2
k). (2.2)

The individual Gaussian distributions in Eqn. 2.2 are referred to as the components of the

mixture. For the mixture model to be a valid probability density function, the weights wk must

be non-negative and sum to one (
∑

k wk = 1).

Fig. 2.2 shows two examples of one-dimensional Gaussian mixture models. They represent

two possible ways of restricting the family of one-dimensional mixture models: by requiring

all weights to be the same (wk = 1/K for all k), or all standard deviations to be the same

(σk = σ for all k). We will make use of such restrictions for two reasons. One reason is that they
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Figure 2.2: Examples of one-dimensional Gaussian mixture models (black) with three compon-

ents (red, green, blue). (Left) Each Gaussian component has a different size σ, but the same

weight w = 1/3. (Right) Each component has a different weight w, but the same size σ = 0.6.

Despite having significantly different components, the two mixtures (black) look similar. In this

thesis our mixture models will be similar to the one on the right.

Figure 2.3: Three individual Gaussians (left) form the components of a Gaussian mixture model

(right). The spherical blue component is an example of an isotropic Gaussian.

reduce the number of model parameters to be estimated while still leaving enough flexibility to

approximate fairly complicated functions. The second reason is that such simplifications will

allow us to implement significantly more efficient algorithms.

2.1.2 Higher-dimensional GMMs

We will mainly work with two- and three-dimensional probability distributions. The d-dimensional

analog of the one-dimensional Gaussian distribution is the multivariate Gaussian distribution:

N (x|µ,Σ) = 1

(2π)d/2|Σ|1/2 exp
{

−1

2
(x− µ)TΣ−1(x− µ)

}

, (2.3)
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Figure 2.4: Example of a cryo-EM density represented using a Gaussian mixture model. The

atomic structure of RNA polymerase II (top left) is used to simulate a cryo-EM density on a

regular grid (top middle). The electron density is almost indistinguishable from a mixture model

representation with 2000 isotropic Gaussian components (top right). Different levels of accuracy

can be achieved by varying the number of components from 5 to 1000 (bottom row).

which is parameterised by its mean µ ∈ R
d and covariance matrix Σ ∈ R

d×d. The corresponding

d-dimensional Gaussian mixture model is:

h(x) =
K∑

k=1

wkN (x|µk,Σk). (2.4)

Fig. 2.3 shows examples of three-dimensional Gaussians and Gaussian mixture models.

The level sets of a three-dimensional Gaussian is an ellipsoid, whose shape and orientation is

determined by its covariance matrix Σ, a positive-definite 3 × 3 matrix. By restricting the

covariance matrix to be a multiple of the identity matrix

Σ = σ2I =






σ2 0 0

0 σ2 0

0 0 σ2




 , (2.5)

the level sets become spherical, and the Gaussian is said to be isotropic. The expression for its

probability density function also simplifies (cf. Eqn. 2.1):

N (x|µ, σ2) =
1

(2π)d/2σd
exp

{−‖x− µ‖2
2σ2

}

. (2.6)

In this thesis we will use only isotropic Gaussian distributions. In addition, all the (isotropic)

components of a Gaussian mixture model will share a common variance. Instead of the 6K para-
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Figure 2.5: The number of parameters required for the mixture model representation as com-

pared to the standard grid-based representation of Pol II, using the models from Fig. 2.4. The

accuracy of every model is given by its cross-correlation relative to the original reference struc-

ture on a 112× 112× 112 grid. The grid-based representations were obtained by downsampling

the reference structure by factors of 2, 4 and 8. The accuracy of the mixture models increases

with the number of components (K). Similarly, the accuracy of the grid-based representation

increases with the number of voxels. But for any specified level of accuracy, the mixture model

representation needs fewer than 10% of the number of parameters needed by the grid-based

representation.

meters needed to describe all the covariance matrices of a general three-dimensional Gaussian

mixture model, we will just have a single parameter.

The resulting isotropic mixture models can still approximate complicated distributions, as

shown in Fig. 2.4. Using isotropic mixture models also simplifies and speeds up the algorithms

for estimating the model parameters. Nevertheless, it is possible to extend the algorithms that

we will introduce to work on mixture models with full covariance matrices. But in our experience

the gain in expressiveness does not justify the loss in computational efficiency. Furthermore,

using a single component size ensures that the density has a relatively uniform resolution.

Instead of using the variance σ2 we will use the precision s = 1/σ2. This simplifies the

analysis. Combining Eqns. 2.4 and 2.6, we obtain the final form of the probability density

function that we will use to describe electron densities (in d = 3 dimensions):

h(x) =

K∑

k=1

wk

( s

2π

)d/2
exp

{−s

2
‖x− µk‖2

}

. (2.7)

Fig. 2.4 shows an example of using the isotropic mixture model to represent an electron

density map. By increasing the number of components (K), the mixture model representation

can achieve the same resolution as the traditional grid-based approach.
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The advantage of the mixture model representation is that it requires far fewer parameters.

In contrast to the grid-based representation, which needs one parameter for each voxel, the

mixture model has only 4K parameters. In the Pol II example shown in Fig. 2.5, the grid-based

representation needs at least an order of magnitude more parameters to represent the density

map at a level of accuracy similar to that of the mixture model representation.

The parameters of the mixture model are the means µk, theK weights wk, and the component

precision s. Algorithms for estimating these parameters are described starting from Section 2.2.

2.1.3 Additional uses of the mixture model representation

Once a density map has been reconstructed using cryo-EM, it can be used in various ways to help

determine the atomic structure and dynamics of the macromolecular assembly. Some of these

approaches benefit from using a coarser representation of the density map, such as a Gaussian

mixture model.

One example is fitting known subunits into the density map. Suppose that the macromolec-

ular assembly consists of several subunits whose atomic structures are known, but where it is

not known how they fit together to form the entire assembly. By rotating and translating them

to fit into the density map without overlapping each other, it is possible to estimate the atomic

structure of the whole assembly.

Kawabata (2008) approaches the subunit fitting problem by representing both the subunits

and the electron density of the entire structure as Gaussian mixture models. This significantly

reduces the computational cost of evaluating a given configuration of subunits.

Another example is studying the dynamics of a macromolecular assembly: how it adopts

different conformations in performing its function. Nogales-Cadenas and Jonic (2013) and Jin

and Sorzano (2014) explore these conformational changes by doing a normal mode analysis of

the atomic structure of the assembly. They extend their algorithm to work with density maps

instead of atomic structures by using a Gaussian mixture model representation of the density

map, and treating the mixture components as large atoms.

Both these algorithms take a standard electron density obtained using any cryo-EM recon-

struction algorithm, convert it into a mixture model, and then analyse this mixture model. In

constrast, our goal is to introduce new reconstruction algorithms which directly produce a mix-

ture model, without the intermediate density map. The mixture model that we obtain could then

be used as input to either of the above algorithms. As far as we are aware, our approach is the

first to use a mixture model representation of electron densities for the cryo-EM reconstruction

problem.

The two algorithms mentioned above use different families of Gaussian mixture models.

Kawabata (2008) uses mixture components with full covariance matrices. In contrast, Jin and

Sorzano (2014) use the same isotropic mixture model representation that we use, also with a

single variance for all components. They refer to the mixture components as pseudo-atoms to

emphasise the similarity to an atomic model, and we will occasionally use the same terminology.
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Figure 2.6: Sampling a point cloud from a mixture model. (Left) The mixture model has three

components. (Middle) The points sampled from the mixture model form the data D. (Right)

The points are coloured according to the component from which they were sampled. This extra

information is the missing data, or latent variables Z.

Note that a pseudo-atom is typically much larger than a real atom, and that it does not represent

a specific set of atoms, or a subunit. We will sometimes refer to a Gaussian mixture model as a

pseudo-atom model.

2.2 Estimating GMM parameters

The Gaussian mixture model was introduced in the previous section as a representation for an

electron density:

h(x) =
K∑

k=1

wk

( s

2π

)d/2
exp

{−s

2
‖x− µk‖2

}

(2.8)

=

K∑

k=1

wkN (x|µ, s−1I). (2.9)

The parameters of the mixture model are denoted by θ, and consist of the means µk, the weights

wk and the precision s. The rest of this chapter will be devoted to algorithms for estimating θ.

The final algorithm will estimate θ for a three-dimensional mixture model given two-dimensional

images, which corresponds to the initial model inference problem. But the different aspects of

the algorithm will be introduced incrementally, starting with the simplest case: fitting a d-

dimensional mixture model to a d-dimensional point cloud.

Two well-known algorithms for fitting mixture models to point clouds are expectation max-

imisation (EM) and Gibbs sampling (Bishop 2006). They will form the foundation for the

extensions to follow, and are reviewed below.
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2.2.1 Statistical forward model

Before applying either EM or Gibbs sampling, the relation between the model parameters and

the data must first be expressed as a statistical forward model.

The data D is a set of N d-dimensional points x1, x2, . . . , xN ∈ R
d (Fig. 2.6). Each data

point xi is assumed to have been sampled independently from an isotropic Gaussian mixture

model:

p(xi|θ) =
K∑

k=1

wkN (xi|µ, s−1I) (2.10)

p(D|θ) =
N∏

i=1

p(xi|θ) (2.11)

=

N∏

i=1

K∑

k=1

wkN (xi|µk, s
−1I). (2.12)

The forward model p(D|θ) is known as the likelihood, and describes how the data D is obtained

given the model parameters θ.

Each data point xi is sampled by first choosing a mixture component, and then sampling xi

from the Gaussian distribution for that component.

A mixture component is chosen with probability proportional to its weight wk, i.e. its index

is sampled from a categorical distribution with the weights wk as parameters. Let zi denote

the component assigned to xi, using the 1-of-K notation. This means that zi is a length K

vector (. . . , zik, . . .) where zik ∈ {0, 1} and
∑

k zik = 1. The index of the only non-zero entry of

the vector is the index of the assigned component. The set of all component assignments zi is

denoted by Z.

The component assignments Z are part of the description of the forward model, but are not

observed in the final data set (Fig. 2.6). They are known as missing data, or latent variables.

Counterintuitively, the parameter estimation problem becomes simpler when the model para-

meters θ are augmented to include the latent variables Z. This requires a reformulation of the

forward model to include the latent variables.

The extended likelihood p(D,Z|θ) describes how both the data D and the latent variables

Z are obtained given the model parameters θ. It can be factorised:

p(D,Z|θ) = p(D|Z, θ)p(Z|θ). (2.13)

The factorisation corresponds to the two steps in sampling a point xi as described above, by

first choosing the component zi according to

p(Z|θ) =
N∏

i=1

p(zi|θ) =
N∏

i=1

K∏

k=1

wzik
k , (2.14)
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and then sampling xi from the chosen component:

p(D|Z, θ) =
N∏

i=1

p(xi|zi, θ) =
N∏

i=1

K∏

k=1

N (xi|µk, s
−1I)zik . (2.15)

Note that the product over k in Eqns. 2.14 and 2.15 consists of only a single term, the one for

which zik is non-zero. Combining Eqns. 2.14 and 2.15 yields the extended likelihood

p(D,Z|θ) =
N∏

i=1

K∏

k=1

[
wkN (xi|µk, s

−1I)
]zik . (2.16)

The original likelihood p(D|θ) can be recovered as the marginal distribution of the extended

likelihood:

∑

Z

p(D,Z|θ) =
∑

Z

N∏

i=1

K∏

k=1

[
wkN (xi|µk, s

−1I)
]zik (2.17)

=
N∏

i=1

K∑

k=1

wkN (xi|µk, s
−1I) (2.18)

= p(D|θ). (2.19)

Computing the marginal distribution corresponds to discarding the component assignments after

sampling them along with the data.

The forward model introduced above (Eqn. 2.12) specifies how to generate data D given

known model parameters θ. Algorithms for estimating mixture model parameters need to do

the reverse: they must estimate θ given known data D.

A common approach to this inverse problem is to compute the maximum likelihood estimate:

θML = argmax
θ

p(D|θ) (2.20)

For some forward models p(D|θ) the maximum likelihood estimate θML can be calculated

directly. For example, given a set of points sampled from a single Gaussian distribution, there

are simple expressions for the maximum likelihood estimates of its mean and (co)variance.

But for mixture models, finding the global optimum of the likelihood function is in general

not possible. Instead, algorithms such as EM (to be discussed below) are used to find a local

optimum.

The Bayesian approach extends the statistical framework consisting of the data D, model

parameters θ and likelihood p(D|θ) by including a prior distribution p(θ) over the parameters.

The prior encodes what we know about the model parameters before having seen the data. An

example of prior knowledge could be constraints that some parameters must satisfy, such as

non-negativity constraints.

For a given form of the likelihood function, there is often a natural parametric form of the

prior, chosen for its mathematical convenience. The natural prior for Gaussian mixture models
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Figure 2.7: The effect of the four hyperparameters of the prior. (Left) The mean hyperparameter

r specifies how much the components overlap, and the extent of the region that they cover.

(Middle) The precision hyperparameters a and b indicate the range of plausible component

sizes. (Right) As the weight hyperparameter α0 increases, its cumulative distribution function

approaches a step function, indicating less variance in the weights.

is

p(θ) = p(µ|s)p(s)p(w), (2.21)

where

p(µ|s) =
K∏

k=1

p(µk|s) =
K∏

k=1

N (µk|0, r−1s−1I) (2.22)

p(s) = Gamma(s|a, b) ∝ sa−1e−bs (2.23)

p(w) = Dirichlet(w|α0) ∝
K∏

k=1

wα0−1
k . (2.24)

The prior can be adjusted using four hyperparameters (Fig. 2.7).

The prior on the component precision is a Gamma distribution with parameters a and b

(Eqn. 2.23). Choosing these parameters determines a range of values considered plausible for

the component precision, and thus indirectly for the component variance (s−1) (Fig. 2.7).

The prior on each component mean is a Gaussian distribution (Eqn. 2.22). Its hyperpara-

meter r determines the size of the region around the origin where the components should be

located (Fig. 2.7). For cryo-EM, the size of this region corresponds to the expected size of the

electron density map.

In the mean prior (Eqn. 2.22), the variance of the Gaussian depends on the component

precision s. This means that the size of the region covered by the components is also affected by

the hyperparameters a and b. The dependency on the component precision s can be removed

to obtain an alternative prior on the means:

p(µ) =
K∏

k=1

p(µk) =

K∏

k=1

N (µk|0, r−1). (2.25)
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In the alternative prior, the hyperparameter r is simpler to interpret. The derivation of the EM

algorithm is not possible with this alternative prior, but it can be used for Gibbs sampling.

The prior on the weights is a Dirichlet distribution (Eqn. 2.24). Its hyperparameter α0

determines how uniformly the weights are distributed (Fig. 2.7).

The hyperparameters of the prior are assumed to be known, and are kept fixed during the

execution of any of the algorithms to be introduced. Guidelines for choosing the hyperparameters

and their effect on the results will be explored in Section 3.1.5.

Given the prior, the posterior distribution p(θ|D) is computed using Bayes’ rule:

p(θ|D) =
p(D|θ)p(θ)

p(D)
∝ p(D|θ)p(θ). (2.26)

The posterior distribution p(θ|D) captures more information than is given by the maximum

likelihood estimate θML. Its mode is known as the maximum a-posteriori (MAP) estimate

θMAP = argmax
θ

p(θ|D) = argmax
θ

p(D|θ)p(θ). (2.27)

The MAP estimate is the same as the ML estimate (Eqn. 2.20) except for the introduction

of the prior. It represents a compromise between fitting the data (by increasing the likelihood

p(D|θ)) and satisfying the prior constraints (by increasing the prior p(θ)).

The same EM algorithm that is used to compute the ML estimate for fitting Gaussian

mixture models to point clouds can be used for computing the MAP estimate, with only slight

modifications to take the prior into account. It is the latter version that is described below

(Section 2.2.2).

The full posterior p(θ|D) contains more information than just its mode, the MAP estimate.

For instance, the width of the posterior around the mode conveys the precision of the MAP

parameter estimates.

There is no tractable analytic solution for the full posterior distribution for Gaussian mixture

models. One approach to exploring the posterior is to generate samples from it. A common

sampling algorithm for Gaussian mixture models is Gibbs sampling, which will be described

below (Section 2.2.3).

2.2.2 Expectation maximisation

Expectation maximisation (Dempster et al. 1977) is a general algorithm for use in situations

where there is some form of missing data. In the mixture model application, the missing data

is the component assignments Z. This section will describe the classical application of EM to

Gaussian mixture models, adapted to the restricted family of isotropic mixture models. The

same general EM approach will be applied in subsequent sections with additional missing data.

For the application to cryo-EM, Gibbs sampling will be used instead of expectation max-

imisation. The two approaches are very similar, however, and EM might be more familiar due
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to being used by other reconstruction algorithms (Scheres et al. 2007), and in other cryo-EM

applications (Kawabata 2008).

The goal is to find a local maximum θMAP of the posterior distribution p(θ|D):

θMAP = argmax
θ

p(θ|D). (2.28)

Using Bayes’ rule (Eqn. 2.26) and noting that the evidence p(D) is independent of θ:

θMAP = argmax
θ

p(D|θ)p(θ). (2.29)

Finally, it is computationally convenient to take the logarithm of the argument. Since the

logarithm is a strictly increasing function, this does not affect the value of θ at a posterior

mode, and thus

θMAP = argmax
θ

[log p(D|θ) + log p(θ)] . (2.30)

The first term of the argument in Eqn. 2.30 is known as the log-likelihood

log p(D|θ) =
N∑

i=1

log p(xi|θ) (2.31)

=

N∑

i=1

log

K∑

k=1

wkN (xi|µk, s
−1I). (2.32)

The second term of the argument in Eqn. 2.30 is known as the log-prior, and their sum is the

log-posterior.

Direct optimisation of the log-posterior is intractable because the logarithm in Eqn. 2.32

cannot be brought inside the summation over k. EM provides a way of changing the sum to a

product, which then allows the logarithm to be brought inside the expression. This is done by

introducing the component assignments as latent variables. We will give an informal description

of the algorithm (following Bishop (2006)), and refer to Appendix A for a detailed derivation.

A naive approach is to try to optimise the log-posterior by setting its derivatives w.r.t. the

model parameters to zero. Recall from Eqn. 2.30, that up to a constant, the log-posterior is

log p(D|θ) + log p(θ). (2.33)

Setting the derivative of the log-posterior w.r.t. µk to zero, and solving for µk gives:

µk =
1

Nk + r

N∑

i=1

rikxi, (2.34)

where

rik =
wkN (xi|µk, s

−1I)
∑

l wlN (xi|µl, s−1I)
(2.35)

Nk =
N∑

i=1

rik. (2.36)
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The variables rik are called the soft assignments. To distinguish them from the assignments zik

defined in Section 2.2.1, the latter will be refer to as the hard assignments.

The definition of the soft assignments in Eqn. 2.35 is equivalent to

rik ∝ wkN (xi|µk, s
−1I),

K∑

k=1

rik = 1. (2.37)

Note the similarity with the hard assignments, for which
∑

k zik = 1 also holds. But instead

of assigning a data point xi to a single component, the vector (ri1, ri1, . . . , riK) can be seen as

partitioning the assignment between several different components, each receiving just a fraction

of the data point. Nearby components, or components with large weights will receive a larger

fraction.

Continuing with setting derivatives of Eqn. 2.33 to zero, the corresponding expressions for

the precision and the weights are

s =
(N +K)d+ 2(a− 1)

∑N
i=1

∑K
k=1 rik‖xi − µk‖2 + r

∑K
k=1 ‖µk‖2 + 2b

(2.38)

wk =
Nk + (α0 − 1)

N +K(α0 − 1)
. (2.39)

These three expressions for the parameters (Eqns. 2.34, 2.38, 2.39) do not define a global

optimum, because they depend on rik, which itself depends on all the parameters (Eqn. 2.35).

But it does suggest an iterative algorithm which alternates between updating the assignments

rik and the model parameters µ, s and w.

This iterative algorithm is the EM algorithm. First the initial values for the parameters are

assigned, for instance by sampling them from the prior. Then the parameter values are used

to compute the soft assignments using Eqn. 2.35 in what is called the E-step. Next these soft

assignments are used to compute new parameter values using Eqns. 2.34, 2.38, 2.39 during

what is known as the M-step. The algorithm continues to alternate between the two steps until

convergence.

Fig. 2.8 shows an example of the EM algorithm in two dimensions.

2.2.3 Gibbs sampling

Gibbs sampling (Geman and Geman 1984) is a Markov-chain Monte Carlo (MCMC) algorithm

for sampling from the posterior p(θ|D). Whereas the EM algorithm was used to obtain a single es-

timate θ̂ of the model parameters, a Gibbs sampler produces multiple parameters {θ1, θ2, . . . , θT }.
The EM estimate θ̂ approximates the posterior mode θMAP, while the Gibbs samples typically

explore the region around the mode. The variation in the parameter values θt around the mode

convey the precision with which the model parameters can be determined given the data.

As in the case of the EM algorithm, Gibbs sampling also makes use of the component

assignments as latent variables Z. The idea is to use a Gibbs sampler to draw samples from the
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Figure 2.8: Using the EM algorithm to estimate the parameters of a two-dimensional isotropic

Gaussian mixture with three components. The data (blue dots) was sampled from a three-

component mixture. (Top left) The initial components (red circles) are centered around the

origin, but after 20 EM iterations (top middle) the components match the data well. The

means of the components are shown as black dots with black lines linking means from successive

iterations. (Middle and bottom row) The algorithm has converged after about 12 iterations.

(Top right) The log-posterior increases after every iteration, and the component size decreases

to match the value of 1 used to generate the original data.

extended posterior p(θ,Z|D):

{(θ1, z1), (θ2, z2), . . . , (θT , zT )}, (2.40)

and discard the component assignments to obtain samples from the marginal distribution p(θ|D):

{θ1, θ2, . . . , θT }. (2.41)

The idea behind Gibbs sampling is to partition the parameters that constitute θ and Z into

sets, and iteratively sample each set of parameters conditioned on the other parameters. In our

case the parameters are partitioned into four sets: the means µ, the precision s, the weights w,

and the component assignments z.

Given the current parameter values (µt, st, wt, zt), the values for the next step are sampled
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Figure 2.9: Using Gibbs sampling to estimate the parameters of the same two-dimensional

mixture model using the same data as in Fig. 2.8. (Bottom two rows) Compared to the EM

algorithm, the Gibbs sampler converges faster to the correct solution. (Top middle) The Gibbs

samples (dotted red circles) are all close to the optimal solution found by the EM algorithm.

Increasing the number of data points would decrease the amount of variation. (Top right) The

log-posterior is no longer monotonically increasing, but instead oscillates just below the optimal

value found by the EM algorithm.

from the following conditional distributions, one after the other:

p(zt+1|µt, st, wt,D) (2.42)

p(µt+1|st, wt, zt+1,D) (2.43)

p(st+1|µt+1, wt, zt+1,D) (2.44)

p(wt+1|µt+1, st+1, zt+1,D) (2.45)

The Gibbs sampler is initialised in the same way that the EM algorithm was initialised, for

example by sampling θ0 = (µ0, s0, w0) from the prior, and z0 from its conditional distribution.

The expressions for the conditional distributions are (see Appendix B for the derivation):
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p(zi|µ, s, w,D) =
K∏

k=1

rzikik (2.46)

p(µk|s, w, z,D) = N
(

µk

∣
∣
∣

∑N
i=1 zikxi
Nk + r

,
1

s(Nk + r)
I

)

(2.47)

p(s|µ,w, z,D) = Gamma(s|ã, b̃) (2.48)

2ã = 2a+ (N +K)d (2.49)

2b̃ = 2b+
N∑

i=1

K∑

k=1

zik‖xi − µk‖2 + r

K∑

k=1

‖µk‖2 (2.50)

p(w|µ, s, z,D) ∝
K∏

k=1

wNk+α0−1
k , (2.51)

where rik is defined as for the EM algorithm (Eqn. 2.35), Nk =
∑N

i=1 zik and N =
∑K

k=1Nk.

There are strong similarities between the Gibbs sampling algorithm and the EM algorithm.

Both algorithms produce a sequence of parameter values. While the EM algorithm discards all

but the last term of the sequence, the Gibbs sampling algorithm typically discards a number

of samples at the start of the sequence (the burn-in period), and then picks every nth sample

(with n = 50 for example) to reduce the dependency between successive samples.

The division of each step of the EM algorithm into an E-step and an M-step is also reflected

by the conditional distributions of the Gibbs sampler. The soft assignments rik that are com-

puted during the E-step also appear in the conditional distribution for the hard assignments zi

(Eqn. 2.46). The other conditional distributions are for sampling the model parameters, which

corresponds to the M-step.

Furthermore, each of the four EM update equations is exactly the same as either the mean

or the mode of the corresponding Gibbs sampling conditional distribution. For the assignments,

zi is sampled from a categorical distribution where the expected value for each zik is rik. The

mean (and mode) of the Gaussian distribution for µk (Eqn. 2.47) coincides with the update for

µk (Eqn. 2.34). The conditional distribution for s is the Gamma distribution (Eqn. 2.48), whose

mode (ã− 1)/b̃ is exactly the update for s (Eqn. 2.38). Finally, the conditional distribution for

the weights is a Dirichlet distribution (Eqn. 2.51, with its mode given by the corresponding EM

update (Eqn. 2.39).

One consequence of the similarity between the two algorithms is that they require a similar

amount of computation per step. The computationally most intensive part is computing the

soft assignments rik, which are needed in both cases. The additional computations needed for

Gibbs sampling are insignificant in comparison.

Fig. 2.9 shows how Gibbs sampling can be used instead of EM for the example from Fig. 2.8.

It suggests that one advantage of Gibbs sampling is that it converges faster than EM. Another

advantage is that it explores the posterior distribution, instead of providing just a single estimate.
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Figure 2.10: (Left) The Gibbs sampling and EM algorithms need to be modified to work with

images as input for application to cryo-EM. (Middle) The same image at a lower resolution.

(Right) The two algorithms introduced above use point clouds as input.

EM can be viewed as a special case of Gibbs sampling obtained by increasing the amount of

data, which decreases the width of the Gibbs sampling conditional distributions. As shown

above, the update equations for EM can (at least in this case) be derived from the conditional

distributions of Gibbs sampling. For these reasons, we will focus on Gibbs sampling in the rest

of this chapter.

2.3 Binned data

The cryo-EM data to which our reconstruction algorithm will be applied, will be non-negative,

real-valued, two-dimensional images. The Gibbs sampling and EM algorithms presented above

work with point clouds instead of images. Fig. 2.10 shows the difference between the type of

data that we can currently work with (point clouds) and the type of data that we would like

to work with (images). This section describes how to bridge this gap by discretising the images

and modifying the above algorithms.

The strategy is to convert the images to point clouds. The first step is to discretise the

real-valued images by scaling and rounding the values to the nearest integer. The scaling factor

is chosen such that the sum of the integer values across all pixels in a given image approximately

equals a predetermined constant N0.

Consider an image with M pixels indexed by j. Let vj denote the coordinates of the center

of the jth pixel, and λj its intensity. Choose N0 as the desired sum of discrete values across all

pixels, also known as the desired number of counts. Then the discrete value yj for each pixel is

defined as

yj :=

[

λj
∑M

j=1 λj

N0

]

(2.52)
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Figure 2.11: Discretising a one-dimensional real-valued function. (Left) A cross-section through

the image in the middle of Fig. 2.10. (Right) Multiple discretised versions of the cross-section

using different values for the desired number of counts N0 (in parenthesis). The sum N (outside

the parenthesis) of the discrete values is sometimes slightly different from N0. For large values

of N , the discretised version of the cross-section is a very good approximation.

where [x] denotes x rounded to the nearest integer. Letting N =
∑M

j=1 yj denote the sum of the

discrete values, we would expect that N ≈ N0 for relatively large N0.

Fig. 2.11 shows the effect of discretisation on a cross-section of an image for different values

of N0. Although the description in this section uses images and pixels, the same procedure can

be applied to one-dimensional data with intervals (Fig. 2.11), or three-dimensional data with

voxels.

The next step is to view the discrete image as a point cloud, with yj points located at the

center of the jth pixel. In other words, the data is:

D = {v1, v1, . . . , v1
︸ ︷︷ ︸

y1

, v2, v2, . . . , v2
︸ ︷︷ ︸

y2

, v3, . . . , vM , vM , . . . , vM
︸ ︷︷ ︸

yM

} (2.53)

with yj copies of vj , and N points in total.

The data is now of the same type as earlier in the chapter, and the same Gibbs sampling and

EM algorithms can be applied to fit a Gaussian mixture model to the data. But blindly applying

those algorithms to the new point clouds would involve many unnecessary computations. For

instance, when computing the soft assignments, every component should be evaluated at every

data point. But data points can only be located at the center vj of a pixel, and therefore every

component needs to be evaluated at most once at every vj , and not multiple times if yj > 1.

Avoiding the unnecessary evaluations is important, given that the number N of data points will

usually be much larger than the number of pixels M . For implementing an efficient algorithm,

it is useful to adapt the notation to the special structure of the data.

First, data points are indexed using two indices instead of one. The first index j denotes the

pixel (1 ≤ j ≤ M), and the second index l (1 ≤ l ≤ yj) is used to enumerate the yj data points
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at pixel j. The data is then

D = {xjl | 1 ≤ j ≤ M, 1 ≤ l ≤ yj}, (2.54)

where xjl = vj for all j and l.

The soft assignments will be denoted by rjk instead of rik, and their definition (Eqn. 2.35) is

modified to denote that the components are evaluated at the grid points instead of the individual

data points:

rjk =
wkN (vj |µk, s

−1I)
∑

l wlN (vj |µl, s−1I)
. (2.55)

For the hard assignments, zjl denotes the component assigned to the data point xjl, again

using the 1-of-K notation. In other words, zjl is a vector of length K, with entries zjlk ∈ {0, 1}.
A new vector of length K is introduced by summing over the data points at pixel j:

zj =

yj∑

l=1

zjl. (2.56)

The kth component zjk of zj is now any non-negative integer, and indicates the number of data

points at the jth pixel assigned to the kth component:

zjk =

yj∑

l=1

zjlk. (2.57)

In the Gibbs sampling algorithm, zj is now obtained via multiple samples from the same cat-

egorical distribution, i.e. via a single sample from a multinomial distribution. The corresponding

conditional distribution (Eqn. 2.46) becomes

p(zj |µ, s, w,D) ∝
K∏

k=1

r
zjk
jk (2.58)

where
∑K

k=1 zjk = yj .

The other conditional distributions for Gibbs sampling also undergo small modifications:

p(µk|s, w, z,D) = N
(

µk

∣
∣
∣

∑M
j=1 zjkyjvj

Nk + r
,

1

s(Nk + r)
I

)

(2.59)

p(s|µ,w, z,D) = Gamma(s|ã, b̃) (2.60)

2ã = 2a+ (M +K)d (2.61)

2b̃ = 2b+
M∑

j=1

K∑

k=1

zjkyj‖vj − µk‖2 + r
K∑

k=1

‖µk‖2 (2.62)

p(w|µ, s, z,D) =
K∏

k=1

wNk+α0−1
k , (2.63)
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where now Nk =
∑M

j=1 zjkyj , but still N =
∑K

k=1Nk.

The above changes to the Gibbs sampler are only for computational efficiency. They do not

reflect a change in the underlying forward model. According to the forward model, the data

points are still sampled from a Gaussian mixture model, and just happen to lie on a regular

grid. Ideally, the forward model should be modified to include the effect of the grid.

We will now describe the required modifications to the forward model to take the grid into

account, and consider what the corresponding changes to the Gibbs sampling and EM algorithms

would be. Then we will argue that under certain reasonable assumptions, the effect of the grid

can be ignored, and the original algorithms are recovered.

Intuitively, the modified forward model is to first sample a point cloud with N points, and

then simply bin the data by letting yj be the number of points in the jth pixel.

More precisely, the forward model is a Poisson point process, with its intensity function λ

being the scaled probability density function of the mixture model

λ(x) = N

K∑

k=1

wkN (x|µk, s
−1I). (2.64)

The space R
d is partitioned into a square region Rj for each pixel j, and a single region R0

to cover the area outside the grid. The observations are the number of points yj in region Rj

(0 ≤ j ≤ M).

There are multiple equivalent ways of describing the point process. One way is to sample an

integer N ′ from a Poisson distribution with rate N , and then sample N ′ points from the mixture,

letting yj be the number of points in region Rj . A second way is to also start by sampling N ′,

but then sample the yj ’s from a multinomial distribution with parameters (N ′; r0, r1, . . . , rM ),

where

rj =

∫

Rj

(
K∑

k=1

wkN (x|µk, s
−1I)

)

dx (2.65)

And finally, this is also equivalent to sampling each yj from a Poisson distribution with rate rj :

p(yj |θ) =
r
yj
j e−rj

yj !
. (2.66)

In the latter case we would define N ′ =
∑M

j=0 yj , which also holds for the first two formulations.

The forward model that has been adapted to take the grid into account is thus:

p(D|θ) =
M∏

j=1

p(yj |θ), (2.67)

where p(yj |θ) is defined in Eqn. 2.66, and rj is defined in Eqn. 2.65.

There is a natural extension of the EM algorithm to find the MAP estimate for this forward

model. The exact locations of the sampled points are unobserved, and are therefore considered
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as latent variables, in addition to the component assignments that made up the latent variables

thus far.

The resulting equations for the E-step and M-step become more complicated: they now

involve expectations over regions Rj w.r.t. the mixture model, instead of simple function eval-

uations at pixel centers. The EM equations are derived by McLachlan and Jones (1988) for the

one-dimensional case, and by Cadez et al. (2002) for higher dimensions. In one dimension, the

solution can still be obtained analytically, in terms of the error function (erf). But in higher

dimensions the solution requires the expectation integrals to be evaluated numerically, which is

significantly more computationally intensive.

It would be possible to extend Gibbs sampling in a similar way, by augmenting the latent

variables with the location of the sampled points. An extra sampling step would be required

for sampling the locations of each of the yj points from the mixture model restricted to region

Rj . Aside from the fact that this is not a straighforward distribution to sample from, the

computational complexity would then be linear in the number of sampled points, and not just

in the number of pixels. In some of our applications, the number of sampled points will greatly

exceed the number of pixels, making this approach computationally infeasible.

Fortunately, we can greatly simplify the equations with only a small loss in accuracy. This

is based on two assumptions. The first is that the value of the Gaussian mixture model is

relatively constant across a single pixel. This will be the case if the Gaussian components are

large relative to the pixels. The second assumption is that the effective support of the mixture

model is contained in the grid. Even though the support of the mixture model is unbounded,

the part that lies outside the grid will have negligible mass as long as all the component means

are well within the grid boundary.

Given these assumptions, the integrals over pixels can be approximated by simpling evalu-

ating the integrands at the pixel centers. And the integrals over the complement of the grid are

approximated by 0. Applying these approximations to the EM update equations in Cadez et al.

(2002) yields the desired simplified version.

In conclusion, the extension of Gibbs sampling to binned data presented in this section is

valid under the assumption that the mixture model components are large relative to the pixel

size, and that the grids are sufficiently large to contain all the data.

The algorithm presented in this section can be used to fit three-dimensional mixture models

to three-dimensional binned data. Although this does not address the cryo-EM reconstruction

problem, it is nonetheless useful for another cryo-EM application: fitting mixture models to

electron densities (Section 3.1). Such coarse-grained representations of the density can be used

in different applications, two of which were described in Section 2.1.3.
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2.4 Projected data

The algorithms introduced thus far are for fitting d-dimensional mixture models to d-dimensional

data. But inferring initial models in cryo-EM requires three-dimensional mixture models to be

estimated from two-dimensional data. This section describes an extension to the forward model

by including a projection step to account for the lower dimensional data. The Gibbs sampling

algorithm is extended to work with the new forward model.

2.4.1 Forward model

The model parameters θ will consist of the same d-dimensional mixture model as before, but

in addition they will include the P directions along which the mixture is projected to create

the (d − 1)-dimensional data. As before, the mixture parameters consist of the d-dimensional

means µk, the precision s and the weights wk. The P projection directions are modelled as

P transformations of the mixture model indexed by i. Each transformation is a d-dimensional

affine transformation parametrised as a rotation Ri ∈ SO(d) followed by a translation ti ∈ R
d.

The group of all rotations is the special orthogonal group:

SO(d) = {R ∈ R
d×d | RRT = I, det(R) = 1}. (2.68)

The data consists of P different (d−1)-dimensional histograms, i.e. binned data as described

in Section 2.3. The forward model for generating one such histogram starts by sampling N0 d-

dimensional points from the mixture model. Every point x is transformed by a rotation and

translation to obtain Rix+ ti. This transformed point is then projected to R
d−1 by discarding

the last coordinate to obtain Po(Rix+ ti), where Po is a projection matrix given by

Po =







[

1 0
]

if d = 2,
[

1 0 0

0 1 0

]

if d = 3.
(2.69)

The projection which selects the last coordinate will be denoted by Pm. So for d = 3:

Po =

[

1 0 0

0 1 0

]

(2.70)

Pm =
[

0 0 1
]

(2.71)

and in general:
[

Po

Pm

]

= I. (2.72)

The subscripts o and m denote observed and missing respectively.

Fig. 2.12 shows an example of the forward model for generating a one-dimensional histogram

from a two-dimensional mixture model. The figure also shows an equivalent way to view the
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A1. Initialise mixture

B1. Initialise mixture

A2. Sample 2D points A3. Rotate points A4. Project points, bin

B4. Sample 1D points, binB2. Rotate mixture B3. Project mixture

Figure 2.12: The forward model for generating a one-dimensional histogram from a two-

dimensional mixture model. There are two equivalent ways of describing the forward model:

(Top row) The points are first sampled, and then transformed and projected; (Bottom row)

The mixture is first transformed and projected, and only then the points are sampled. The full

forward model involves repeating this procedure P times with different rotations to generate P

histograms.

forward model by reordering the steps: the transformations and projections can be applied to

the mixture itself before sampling, instead of to the sampled points.

The advantage of using Gaussian mixture models is that they are closed under linear trans-

formations. This means that applying a linear transformation to a mixture model yields another

mixture model, only with different parameters. To apply the ith transformation, it is therefore

only necessary to compute the new parameters.

Every mean µk is transformed to Riµk + ti, and then projected to Po(Riµk + ti). The N0

points are then sampled from the projected (d − 1)-dimensional mixture model, and binned to

form a histogram. This process corresponds to the bottom row of Fig. 2.12.

The observed data is

D = {xoijl | 1 ≤ i ≤ P, 1 ≤ j ≤ M, 1 ≤ l ≤ yij}, (2.73)

where M is the number of bins in each histogram. The superscript o denotes that this is the

(d − 1)-dimensional observed data. The missing component is denoted by xmijl, and the full

d-dimensional data point is

xijl =

[

xoijl
xmijl

]

. (2.74)



2.4. Projected data 38

The forward model is

p(D|θ) =
∏

ijl

p(xoijl|θ) (2.75)

p(xoijl|θ) =
∑

k

wkN (xoijl|Po(Riµk + ti), s
−1I). (2.76)

The forward model for mixture models (Eqn. 2.76) is much simpler than for the grid-

based representations used by the algorithms reviewed in Section 1.4. Applying rotations and

projections to grid-based density maps requires grid interpolation schemes and low-pass filters

to avoid aliasing. The computational complexity scales with the number of voxels. In contrast,

transforming and projecting a mixture model does not require any approximations, and the

complexity scales with the number of mixture components.

The blobs introduced by Marabini et al. (1998) (Section 1.3) are an improvement over grid-

based representations. One reason is that they are also spherically symmetric, and thus look the

same when projected in any direction. But they are still grid bound, which means that many

more of them are needed compared to the number of Gaussian mixture model components.

To simplify the notation for the remainder of this chapter, a single product symbol will be

used to denote the product over multiple variables. Thus:

∏

ijlk

=

P∏

i=1

M∏

j=1

yij∏

l=1

K∏

k=1

. (2.77)

The range of the variables is always as given in Eqn. 2.77.

The prior for Gaussian mixture models is augmented with a prior on the rotations and the

translations. The uniform prior is used for the rotations. It is defined as the unique distribution

invariant under the action of the group of rotations on itself (the Haar measure). For d = 3,

the space of rotations is SO(3). Miles (1965) derives expressions for the uniform distribution on

SO(3) for different coordinate systems.

For the translations we use a Gaussian prior centered at the origin.

The new prior is

p(θ) = p(µ|s)p(s)p(w)p(R)p(t), (2.78)

where p(µ|s), p(s) and p(w) are the same as before (Eqns. 2.22, 2.23 and 2.24), and

p(R) ∝ 1 (2.79)

p(t) =
P∏

i=1

p(ti) =
P∏

i=1

N (ti|0, r−1
t ). (2.80)

2.4.2 Algorithm

The idea for extending the EM and Gibbs sampling algorithms is to treat the missing components

as latent variables. Thus the latent variables are

Z = {z, xm}, (2.81)
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where

z = {zijl | 1 ≤ i ≤ P, 1 ≤ j ≤ M, 1 ≤ l ≤ yij} (2.82)

are the component assignments as before, and

xm = {xmijl | 1 ≤ i ≤ P, 1 ≤ j ≤ M, 1 ≤ l ≤ yij} (2.83)

are one-dimensional missing components.

To derive the corresponding Gibbs sampling algorithm, the first step is to have the full (or

extended) data likelihood:

p(D,Z|θ) =
∏

ijlk

[
wkN (xijl|Riµk + ti, s

−1I)
]zijlk . (2.84)

Using the prior (Eqn. 2.78) and the extended likelihood (Eqn. 2.84), the conditional distri-

butions for Gibbs sampling can be computed (see Appendix C):

p(zijl|µ, s, w,R, t,D) =
∏

k

[
wkN (xoijl|Po(Riµk + ti), s

−1I)
]zijlk (2.85)

p(xmijl|zijl, µ, s, R, t,D) =
∏

k

N (xmijl|Pm(Riµk + ti), s
−1I)zijlk (2.86)

p(w|xm, z, µ, s, R, t,D) ∝
∏

k

wNk+α0−1
k (2.87)

p(µk|xm, z, s, w,R, t,D) = N (µk|
1

Nk + r

∑

ijl

zijlkR
T
i (xijl − ti),

1

s(Nk + r)
I) (2.88)

p(s|xm, z, µ,R, t,D) = Gamma(s|α̃, β̃) (2.89)

2α̃ = 2a+ dM +K (2.90)

2β̃ = 2b+
∑

ijkl

zijkl‖xijl − (Riµk + ti)‖2 + r
∑

k

‖µk‖2 (2.91)

p(Ri|ti, xm, µ, s,D) ∝ exp
[
tr(AT

i Ri)
]

(2.92)

Ai = s
∑

jlk

zijlk(xijl − ti)µ
T
k (2.93)

p(ti|xm, z, µ, s, R,D) = N (
1

Ni

∑

jlk

zijlk(xijl −Riµk),
1

Nis
I) (2.94)

Nk =
∑

ijl

zijlk. (2.95)

Almost all the conditional distributions are standard distributions with implemented sampling

algorithms that are widely available. The exception is the conditional distribution for the rota-

tions (Eqn. 2.92). It is known as the matrix Fisher distribution, and can be sampled from using

the algorithm by Habeck (2009).
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1. Initial model, input data 2. Projection and evaluation 3. Assignments

4. Back-projection 5. Update pseudo-atoms 6. Update rotations

1. Initial model, input data 2. Projection and evaluation 3. Assignments

4. Back-projection 5. Update means 6. Update rotations

Figure 2.13: Simple two-dimensional reconstruction example to explain a single Gibbs sampling

iteration. (Solid lines) One-dimensional projections of the current model. (Dashed lines) One-

dimensional projections of the previous model. Initially (1 ), the one-dimensional projections

differ significantly from the one-dimensional data. They improve after updating the component

means (5 ), and once again after updating the rotations (6 ). The precision and weights are kept

fixed in this example. The final projections approximate the data quite well.

Fig. 2.13 explains the above Gibbs sampling algorithm using a simple example that re-

constructs a two-dimensional mixture model from one-dimensional histograms. Sampling the

assignments (Eqn. 2.85) corresponds to panels 2 and 3 of the figure. The parameters of the mul-

tinomial distribution are computed by projecting and evaluating the Gaussian mixture model

(panel 2 ). Individual points are assigned to components by sampling from the multinomial

(panel 3 ). Sampling the missing components (Eqn. 2.86) can be interpreted as back-projecting

the one-dimensional points to two dimensions (panel 4 ), where the missing y-coordinate of the

point is sampled to be near the y-coordinate of the mixture component to which it was assigned.

The y-coordinate is the mean of the Gaussian in Eqn. 2.86. This back-projection step is repeated

for each projection direction.

Having sampled the assignments and the missing components, the points now have the same

dimension as the mixture. This is similar to the setting in Section 2.2.3. The mixture parameters

are sampled in a similar way (panel 5, Eqns. 2.87 to 2.89). The points from all the projection

directions are combined in computing the mixture parameters. In Fig. 2.13 only the component
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means are updated.

The last step is to sample the rotations and translations (panel 6, Eqns. 2.92 and 2.94).

Sampling the rotations can be viewed as keeping the mixture components fixed, and rotating

the corresponding back-projected point cloud about the origin to better match the mixture

components. Sampling the translations is similar. Only the rotation updates are shown in Fig.

2.13.

Although the derivation is completely different, there are several similarities between the

Gibbs sampling algorithm presented here and the algorithms reviewed in Section 1.4, especially

the algorithms based on projection matching.

To start with, the first part of the assignment sampling step is to project the current mixture

model in P directions, and evaluate it at each grid point to obtain P different projection images.

This corresponds to the projection step of projection matching, where the current estimate of

the density map is also projected in many different directions to create projection images. The

difference is that projection matching uses more projection directions. The Gibbs sampling

algorithm corresponds to the later projection matching steps, where the projection directions

are concentrated in a neighbourhood of the current estimate of the image orientation, instead

of covering the entire space of orientations.

The next step for projection matching is to update the projection direction for each image.

This corresponds to the last part of the Gibbs sampler, where the rotations and translations

are sampled. For the Gibbs sampler it is not necessary to compute multiple projections in a

neighbourhood of the current one. From the current projection the Gibbs sampler estimates

how the likelihood will change for small changes in the rotation. The Gibbs sampler therefore

corresponds to a local rotation optimiser. It will be extended in the next chapter to do global

rotation sampling, which will make the algorithm more robust.

The remaining Gibbs sampling steps correspond to the reconstruction step in projection

matching. Sampling the assignments and the missing components has the effect of back-

projecting the two-dimensional points to a three dimensional point cloud, with points from

every image. This is similar to the back-projection algorithm described in Section 1.3. The

sampling steps that update the mixture parameters (mean, precision and weights) effectively

convert the point cloud back into a mixture model.

Part of the Gibbs sampling approach presented here is related to work done by Ghahramani

and Jordan (1995). They used EM to estimate Gaussian mixture models given data with some

missing components. They also modelled the missing components as missing data in the EM

framework. Compared to our approach, they did not have rotations or binned data, and used

EM instead of Gibbs sampling. Each data point could have multiple missing components.

The Gibbs sampling algorithm will be applied to cryo-EM data in the following two chapters.
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Chapter 3

Experiments with simulated data

The Gibbs sampling algorithms developed in Chapter 2 will now be applied to simulated data.

There are two cases to consider: fitting a mixture model to a three-dimensional electron density

map (Section 3.1), and inferring a mixture model from two-dimensional class averages (Section

3.2 onwards).

For the second case there are two classes of model parameters to estimate: the mixture model

and the image orientations. Before applying the full algorithm for estimating both (Section 3.4),

we will first consider the two simpler settings where one of the two is known.

3.1 Fitting mixtures to electron densities

The Gibbs sampling algorithm described in Section 2.3 can be used to approximate an electron

density by a mixture model. In Section 2.3 the algorithm was used to fit two-dimensional mixture

models to images. Electron densities are usually represented by voxels on a three-dimensional

regular grid. In other words, they are the three-dimensional equivalent of images, and the same

Gibbs sampling algorithm can be applied.

The same algorithm can also be used to approximate an atomic model of a structure by a

mixture model, by first converting the atomic model to an electron density.

Since the data is three-dimensional, this is not a reconstruction algorithm. It is nevertheless

useful to be able to convert density maps to mixture models. Two applications of the mixture

model representation were discussed in Section 2.1.3.

Another reason for focusing on this algorithm is that it contains many of the components of

the full reconstruction algorithm, but is simpler. Therefore, studying it helps in understanding

the effect of the various parameters on the result.

3.1.1 Generating simulated data

The algorithm will be tested on density maps of different structures at multiple resolutions.

The atomic model for each of the following structures is available from the Protein Data Bank

43



3.1. Fitting mixtures to electron densities 44

(PDB):

• RNA polymerase II (PDB: 1I3Q)

• GroEL (PDB: 1OEL)

• 50S ribosome subunit (PDB: 1VOR)

An atomic model can be converted to a density map by placing a Gaussian at each atom

position with the atomic number as its weight, and evaluating the resulting mixture of Gaussians

on a regular three-dimensional grid. This procedure is available in CHIMERA as the MOLMAP

command.

The resulting density map is influenced by two parameters: the size (i.e. standard deviation)

of the Gaussians, and the voxel size of the regular grid.

Specifying the size of the Gaussians amounts to choosing the resolution of the density map.

The default approach used by CHIMERA is to assign the size σ as

σ =
res

π
√
2

(3.1)

≈ 0.225× res (3.2)

where res is the desired resolution in angstrom (Å). The motivation for the choice of coefficient in

Eqn. 3.2 is that the Fourier transform of the Gaussian distribution falls to 1/e of its maximum

value at wavenumber 1/res. The CHIMERA documentation suggests several other plausible

choices for the coefficient, ranging from 0.187 to 0.425. We will use the coefficient from Eqn. 3.2.

The resolutions of the density maps will range from 10 Å to 25 Å (Fig. 3.1).

The second important parameter is the voxel size. By the Nyquist criterion, a voxel size of d

Å is sufficient for faithfully representing densities that have no information at resolutions beyond

2d Å. Although density maps created from Gaussian mixture models are not band-limited, this

motivates using a voxel size no larger than 5 Å, given that the simulated density maps will have

a resolution of at most 10 Å.

The voxel size also has implications for the mixture model fitting algorithm. A larger voxel

size will generally require fewer counts, and the algorithm will run faster. These effects will be

explored in detail below.

Resolution is usually expressed as a spatial frequency, with units 1/Å. We follow the common

practice in cryo-EM of referring to the inverse of the spatial frequency as the resolution, with

units Å. This is why a resolution of 10 Å is higher than a resolution of 15 Å.

Having obtained a real-valued density map from an atomic model, the next step is to convert

the real values to integer values. This is done using the approach described in Section 2.3 to

scale and round the values.

For the conversion to an integer-valued density, we have to select the desired sum N0 of the

discrete values (or counts) across all voxels. Below in Section 3.1.4 we investigate the effect of

N0 on the result, and give guidelines for choosing it.
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10 Å 15 Å 20 Å 25 Å

Figure 3.1: Simulated density maps of RNA polymerase II for testing the Gibbs sampling

algorithm. The maps were created from the same atomic structure at four different resolutions

using CHIMERA. Each column shows two views of the same map.

3.1.2 Examples

The first structure used to test the algorithm is a simulated density map of RNA polymerase II

(Pol II) at 15 Å, with a voxel size of 2 Å. The number of counts is set to N0 = 106.

The prior distribution over the model parameters was described in Section 2.2.1. There are

four hyperparameters to be specified. We will test the sensitivity of the reconstruction result to

each of these parameters below in Section 3.1.5; here we only state the default values used in

this experiment.

The hyperparameter r for the prior on the means is set to the precision of a single isotropic

Gaussian fitted to the data. The prior on the precision has hyperparameters a = 10 and

b = 1000, corresponding to a mean precision of 1/102, i.e. a component size of 10 Å. Finally,

the hyperparameter for the weight prior is α0 = 10.

The results of the algorithm for Pol II are shown in Fig. 3.2. The algorithm is initialised

by sampling a 500-component mixture model from the prior. This is followed by several Gibbs

sampling steps. The only algorithmic parameter is the number of steps, which should be high

enough for the Gibbs sampler to converge. Convergence can be monitored by looking at the

log-posterior, which is computed after each step.

The mixture improves a lot during the first few steps, but then converges more slowly. This is

typical behaviour for an EM-like algorithm with overlapping components. After about 250 steps

the Gibbs sampler has converged to a stationary distribution, where the components continue
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Figure 3.2: Fitting a 500-component mixture to a 15 Å density map of RNA polymerase II.

Intermediate mixture models (left) converge after about 250 steps, as monitored by the log-

posterior (right). The initial model, sampled from the prior, has a large component size, which

quickly decreases and converges to about 5 Å.

to wiggle slightly from one step to the next. For now, the result of the algorithm is the final

mixture generated by the Gibbs sampler, although it is possible to combine multiple samples to

obtain a better result (Section 3.2.2).

The resulting Pol II mixture looks very similar to the reference density (Fig. 3.3). One

way of quantifying the similarity is to compute the cross-correlation coefficient ρ between the

reference and the reconstruction. Let x be the vector of reference density values, and let y be

the vector of the inferred mixture model evaluated on the same three-dimensional grid as the

reference density. Then the normalised cross-correlation coefficient ρ is defined as

ρ =
〈x, y〉
‖x‖‖y‖ =

∑

i xiyi
√
∑

i x
2
i

∑

i y
2
i

. (3.3)

From the Cauchy-Schwarz inequality and the non-negativity of x and y it follows that 0 ≤ ρ ≤ 1.

In addition to Pol II, the algorithm was applied to GroEL and the 50S ribosome. Fig. 3.3

compares the results to the reference models. In all three cases the mixture model was fit to

a reference density at 15 Å, but for comparing the resulting mixture to the reference it is more

appropriate to use a lower resolution reference model (20 Å, or 25 Å for the ribosome).

In all three cases the algorithm converges to a result that is very similar to the reference,

as measured by the cross-correlation. Repeating the algorithm multiple times with the same

input gives very similar results, i.e. it is very robust. The running time of the algorithm can

range from a few seconds to a few minutes, depending on the input data and various model and

algorithmic parameters.
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Figure 3.3: Fitting mixture models to different structures. The Pol II result is the 500-component

mixture from Fig. 3.2, while the GroEL and 50S ribosome mixtures both have 1000 compon-

ents. The references structures have resolutions 20 Å, 20 Å and 25 Å respectively. The cross-

correlations between the references and mixture models are 0.9786, 0.989 and 0.9904 respectively.

3.1.3 The number of components

Before running the algorithm, the user must specify the number of mixture components, K.

This determines the total number of model parameters: 3K for the means, 1 for the precision

and K − 1 for the weights, a total of 4K parameters. Therefore, increasing K increases the

total number of model parameters, which allows the mixture to approximate density maps to a

higher resolution (Figs. 2.4 and 2.5).

It is only necessary to specify the number of components K, not the component size σ. The

component size is estimated by the algorithm, via the precision s = 1/σ2. Contrast this with

the approach used by Nogales-Cadenas and Jonic (2013), where the user specifies σ, and the

algorithm estimates K.

There is a strong relation between K and σ: as the number of components increases, the

size of each component decreases. If we imagine a component with size σ as a hard sphere with

radius σ, then the total volume covered by K tightly packed spheres would be proportional to

the total volume V of the spheres:

V =
4π

3
Kσ3. (3.4)

Although the Gaussian components are not hard spheres, and the electron density is not binary,

this does suggest the following relation between K and σ:

Kσ3 = c, (3.5)

where c is a constant that depends on the density map. This relation is confirmed experimentally

in Fig. 3.4 for three different structures.

In case the user would like to specify σ instead of K, Eqn. 3.5 can be used to estimate

the appropriate value of K. For example, one approach would be to run the Gibbs sampling
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Figure 3.4: Relation between number of components and component size. The number of

components is chosen in advance, while the component size is taken from the final model once

the Gibbs sampler has converged. In all cases the reference grid spacing is 5 Å and the number of

counts is 105. (Left) The resolution of the reference volume is 10 Å, and the results are compared

for three different structures. (Right) A single structure (Pol II) is used, but the resolution of the

reference volume is varied from 10 to 25 Å. The dashed black line shows the relation Kσ3 = c

for constant c. The results show that if the number of components is not too high, and the

resolution of the reference volume is high enough, then this relation determines the component

size σ for a given K. The constant c depends on the structure. The dashed horizontal lines

denote the component size used to create the corresponding reference model.

algorithm for some value of K, note the final value of σ, and use Eqn. 3.5 to estimate a new

value of K that would give the desired value of σ.

As shown in Fig. 3.4, the relation given by Eqn. 3.5 breaks down for large values of K. As K

increases, the components do not become as small as predicted by Eqn 3.5. Instead, their size is

influenced by the resolution of the density map: given an equal number of components, a higher

resolution density map will have smaller components than a lower resolution one (Fig. 3.4). The

component size adapts to the resolution of the density map.

A possible explanation for the deviation from Eqn. 3.5 is that if K was set to the number of

atoms in the original atomic model, then the optimal component size would be the size of the

Gaussians used to convert the atomic model to a density map. And therefore the component

size converges to this value as the number of components increases (Fig. 3.4).

There are various guidelines for choosing K. As shown above, larger values of K should be

used for larger structures, and to represent structures at higher resolutions. Furthermore, due

to the strong relation between K and σ, it is possible to specify σ instead of K.

The choice also depends on the purpose for which the mixture model representation is to be

used. For example, for subunit fitting (Section 2.1.3) a very low resolution representation might

be sufficient, whereas higher resolution representations are needed for estimating normal modes
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(Section 2.1.3).

Nogales-Cadenas and Jonic (2013) recommend choosing σ to be similar to the voxel size, but

not larger than some threshold (9999 in their case). They also recommend downsampling the

volume before applying their coarse-graining algorithm. The same guidelines can be applied in

our case.

Note that the algorithm is fast enough to fit multiple mixture models with different values

of K, and choose the one most suitable for the application.

3.1.4 Voxel size and number of counts

Before running the algorithm to fit the mixture, the real-valued data must be discretised, as

explained in Section 2.3. The level of discretisation is determined by the number of counts

N0. If N0 is too low, there will be too few discretisation levels to faithfully represent the data

(Fig. 2.11). In contrast, setting N0 too high will increase the running time of the algorithm

without improving the accuracy of the result.

For choosing N0, the relevant quantity is the average number of counts per voxel. As shown

in Fig. 3.5 for Pol II, there should be at least one count per voxel on average. The voxels should

also not be too large. Note that because the structure is not rectangular, there will be many

voxels with zero counts, increasing the count density in the remaining voxels. Also note that

the results given in Fig. 3.5 are for K = 50; larger K might require a somewhat larger count

density for optimal results.

3.1.5 Effect of prior hyperparameters

In general, the Gibbs sampling results are very robust to variations in the four hyperparameters

of the prior. Here we investigate the range over which the hyperparameters can vary.

Figs. 3.6, 3.7 and 3.8 show the effect of the hyperparameters for the priors on the means,

precision, and weights respectively.

From the figures it can be seen that each of the hyperparameters can be varied over several

orders of magnitude without influencing the results. It is only when we set them to extreme

values, that their influence starts to outweigh that of the data.

We typically use the following default values: for the prior on the mean we fit a single

isotropic Gaussian to the data, and use its precision as the value for the hyperparameter r.

For the precision s we choose α = 10 and β = 1000, such that the mean precision corresponds

to a component size of 10 Å. The distribution for α = 10 at the bottom in Fig. 3.7 shows that

these parameters allow for a wide range of optimal component sizes, as confirmed by the contour

plot at the top left.

Finally, for the weights we choose α0 = 10. It is interesting that increasing α0 does not have

a strong effect on the result (Fig. 3.8). In the limit, this means that we could also set all the

weights equal to 1/K. This would reduce the number of model parameters without leading to

significantly worse results.
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Figure 3.5: Effect of voxel size and number of counts. For each combination of the voxel size

and the total number of counts, we fit a 50-component mixture to a 15 Å density map of RNA

polymerase II. The quality of each mixture is measured by its cross-correlation relative to the

reference density map on a grid with voxel size 2 Å. (Lower left corner) For small voxels with

few counts, the cross-correlation drops below 0.9. Each dashed line denotes a constant number

of counts per voxel: 0.5 (green) and 2 (red). The figure shows that to represent Pol II with

50 components the average number of counts per voxel should be at least 0.5 to ensure a good

representation.
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Figure 3.6: Varying the prior on the means. The mean prior is a normal distribution centered

at the origin. Its hyperparameter determines the width of the distribution. The Gibbs sampling

algorithm was repeated with the same Pol II density map for a wide range of possible values

of the width. (Top) The cross-correlation of the result relative to the reference map is high

and relatively constant from a width of 2 Å up to 200 Å. (Bottom) The component width of

the final mixture model is also relatively constant across the same range, showing that the data

dominates the prior. Outside this range, the prior becomes more important, ensuring that the

final component width is similar to the prior component width (dashed black line is the identity

function).
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Figure 3.7: Varying the prior on the component size. The Gamma distribution prior on the

component precision is parametrised by its mean α/β, which determines the typical component

size, and α, which determines how narrow the distribution is. (Right) Examples of the Gamma

distribution with typical component size α/β = 10 Å and different values of α. The Gibbs

sampling algorithm was repeated for many combinations of these parameters, using the same

Pol II density map as in Fig. 3.6. (Left) The quality of the results measured by the cross-

correlation with a reference structure. (Middle) The final component sizes. The figure shows

that for a wide range of α values (from 100 to 103) the results are good and do not depend on

the prior. But increasing α even further forces the final component size to be closer to the value

determined by the prior. The figure in the middle shows that for α = 107, the final component

size is almost exclusively determined by the prior.

0.90

0.92

0.94

0.96

0.98

1.00

C
ro
ss
-c
o
rr
e
la
ti
o
n

10-1 100 101 102 103 104 105 106106

α0

0.00

0.01

0.02

0.03

0.04

0.05

W
e
ig
h
ts

Figure 3.8: Varying the prior on the weights. The prior on the weights is a Dirichlet distribution

with a single parameter, α0. Good results are obtained for a very wide range of this parameter.

For high values of the parameter, the final weights all become roughly equal to each other. This

suggests that we could also fix the weights to be equal from the start.
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3.2 Inferring mixtures from class averages with known orienta-

tions

For the rest of this chapter, the data will be two-dimensional class averages instead of three-

dimensional density maps. In this section, the orientations of the class averages are assumed to

be known.

Although the data is different, the goal is the same as in the previous section: to infer a three-

dimensional mixture model representation of the electron density. There are many similarities

with the algorithm from the previous section, which will be pointed out along the way.

3.2.1 Simulated class averages

The input data to the algorithm is non-negative class averages, simulated from the same three

structures used in Section 3.1: Pol II, GroEL and the 50S ribosome. For each structure, the

atomic model from the PDB is converted to a real-valued density map as before. The density

map is projected along different directions to obtain two-dimensional real-valued images. The

images are then discretised following the approach from Section 2.3.

As in Section 3.1, when creating the density maps we have to specify their resolution and

voxel size. In addition, for the class averages we now have to choose the pixel size, and the

number of counts N0 per image.

Each image orientation is chosen randomly. The rotation Ri describing the ith image ori-

entation is sampled uniformly from SO(3). The translations are also assumed to be known. By

translating the images if necessary, we can assume that ti = 0 without loss of generality.

The model parameters and the prior distribution are exactly the same as in Section 3.1. The

effect of the prior hyperparameters on the result of the algorithm is very similar to Section 3.1,

and the same default choices for the hyperparameters are used here.

Given the simulated class averages, the mixture model parameters are estimated using the

Gibbs sampling algorithm from Section 2.4. The conditional distributions for the rotations and

translations are removed from the algorithm, and the rotations and translations are kept fixed

throughout the algorithm.

As in Section 3.1, the algorithm is initialised by sampling a mixture model from the prior.

This is followed by several Gibbs sampling steps, and the log-posterior is monitored for conver-

gence. The only parameter is the number of sampling steps.

3.2.2 Example

The algorithm was tested on Pol II. The input data (Fig. 3.9, left) consists of 25 images of size

50×50, with a pixel size of 4 Å. The images were created as described above, using an electron

density at 15 Å, and with N0 = 10000 counts per image.

The progress of the algorithm is shown in Fig. 3.9. After about 500 Gibbs sampling steps

the algorithm has converged. The projections of the final mixture agree well with the original
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Figure 3.9: Pol II reconstruction from class averages with known orientations. A 500-component

mixture model is inferred from 25 class averages. Along the top are the mixture models obtained

at various stages of the Gibbs sampler. Below each three-dimensional model is its projections

along the three projection directions corresponding to the first three class average orientations.

At the right are the first three input class averages. Comparing the last two columns shows that

the final projections match the input data very well.

input data.

Thus far in this chapter, the result of the algorithm was taken to be the final mixture model

generated by the Gibbs sampler. This does not, however, take advantage of all the information

provided by the algorithm. Once the Gibbs sampler has converged, the mixture models generated

by subsequent sampling steps are all samples from the posterior. The simplest way in which

to combine these mixture models, is to compute their mean. This is done by evaluating each

mixture model on the same grid, and computing the mean of the three-dimensional arrays.

To estimate the posterior mean for Pol II, every 50th mixture model generated by the Gibbs

sampler is collected, starting from the 1000th mixture. After collecting 50 mixture models, their

mean is computed. Fig. 3.10 compares the resulting mean to a reference density at 20 Å. The

posterior mean is more similar to the reference density than any of the individual posterior

samples, as shown by the FSC curves.

FSC curves (Frank 2006, Chapter 3) are an alternative to cross-correlations for evaluating

the similarity between two density maps. The Fourier Shell Correlation (FSC) curve between

two density maps is obtained by computing the normalised cross-correlation coefficient between

corresponding shells in Fourier space. The point where the curve crosses the 0.5 threshold is

often used as a proxy for the resolution.
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Figure 3.10: Computing the posterior mean for Pol II. (Left) Multiple mixture models produced

by the Gibbs sampler are averaged together to yield an estimate of the posterior mean. (Middle)

The first 1000 Gibbs sampling steps are discarded as belonging to the burn-in period. (Right)

Replacing the final mixture model with the estimate of the posterior mean leads to a significant

improvement in the FSC curve.

3.2.3 Comparison to direct Fourier inversion

As described in Section 1.3, there are several widely used algorithms for solving the known-

orientation reconstruction problem. These algorithms differ from the one proposed here in

several ways. To be concrete, we will compare our algorithm to direct Fourier inversion.

The first difference is that the result of our algorithm is a mixture model which can be

evaluated on an arbitrarily fine three-dimensional grid. This can be useful when the pixel-size of

the input images is quite large. In contrast, direct Fourier inversion produces three-dimensional

maps whose voxel sizes are the same as the pixel size of the input images.

Another difference is that our input images need to be non-negative, and we do not use a

Gaussian noise model, as is typically assumed by other algorithms. For non-negative class aver-

ages with very little noise, this does not make such a big difference, but for raw particle images, a

Gaussian noise model would be more suitable. As a result, our reconstruction algorithm cannot

be used directly on raw particle images. Later in the thesis (Chapter 5) we will introduce an

alternative approach to address these shortcomings.

Our algorithm appears to be just as robust as other algorithms. For those other algorithms

which are also iterative, the cost function is convex, and thus they always converge to the same

solution. In our case the negative log-likelihood is not convex. Nevertheless, in our experience

the Gibbs sampler never gets stuck in local optima.

Fig. 3.11 shows the results of comparing our reconstruction algorithm to direct Fourier

inversion on the same 25 ribosome class averages. Our algorithm gives better results at low

resolutions (below 20 Å), but the direct Fourier inversion results are better at higher resolutions.

A possible reason for the improvement at low resolutions is that both the reference density and

our reconstruction are non-negative, while the Fourier reconstruction allows negative values.

This can be clearly seen in the intensity histograms in Fig. 3.11. Our reconstruction looks

similar to the reference at all thresholds, while for the Fourier reconstruction the threshold must
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Figure 3.11: The mixture model reconstruction algorithm compared to direct Fourier inversion

using the 50S ribosome subunit. Both reconstructions use the same 25 images, and are compared

to the same 25 Å reference. The final mixture model has 2000 components. The mixture model

result is more similar to the reference at frequencies below 20 Å (left), and has a more similar

histogram of intensity values (bottom right).

be chosen carefully. At higher resolutions (above 20 Å) our algorithm performs worse, because

the components are too large to respresent high-resolution detail.

3.2.4 The number of class averages

With only 5 ribosome class averages instead of 25, the mixture model algorithm performs signi-

ficantly better than direct Fourier inversion at low frequencies (Fig. 3.12).

A possible reason for this is that the mixture model algorithm has far fewer parameters, and

is not able to represent high frequency information. This helps to prevent over-fitting on limited

data.

3.2.5 Missing cone

Up to now, the rotations for the simulated images were sampled uniformly from SO(3). But in

practice, the image orientations are often not distributed uniformly.

One example is structures that adopt a preferred orientation when imaged using cryo-EM.

These could be elongated structures such as the 26S proteasome, which tend to lie horizontally

in the ice layer. As a result, only a few of the images depict the view along the main axis of the

structure; most are side views.

Another example is Random Conical Tilt (RCT) (Frank 2006; Radermacher 1988). Accord-

ing to this data collection scheme, the ice layer containing the particles is imaged twice: first

tilted at a random angle between 0◦ and an upper bound such as 60◦, and then in the usual

horizontal position. Particle images in the horizontal micrograph are aligned and clustered. For
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Figure 3.12: Reconstructions of the 50S ribosome subunit using less input data. (Left) The input

consists of only 5 class averages. (Middle) The mixture model algorithm compares favourably

to direct Fourier inversion at low frequencies. (Right) Compared to the reference, the mixture

model looks better than the Fourier inversion result.

every cluster of untilted images, the correponding group of tilted images are used for a recon-

struction from known orientations. Their relative orientations are derived from the alignment

parameters of the untilted images, and the tilt angles.

Because the sample cannot be tilted more than say 60◦, many views of the structure are not

represented. It follows from the projection-slice theorem (Section 1.3) that the missing views

correspond to a missing cone in Fourier space. The missing cone is known to have an adverse

effect on the resolution of the reconstructed density map (Frank 2006).

The robustness to a missing cone of the mixture model reconstruction algorithm is tested

using sets of 25 GroEL images simulated for different missing cone sizes (Fig. 3.13). The size

of the missing cone ranges from 0◦ to 60◦, corresponding to a maximum tilt angle ranging from

90◦ down to 30◦. The untilted view is a top view of GroEL. A missing cone angle of 0◦ means

that all views are possible, i.e. that there is no missing cone.

The mixture model reconstruction algorithm is compared to direct Fourier inversion (Fig. 3.13).

As in the previous experiments, the mixture model algorithm gives better results at low resol-

utions (below 20 Å in this case), while the direct Fourier inversion result better represents the

high frequency data. Furthermore, the quality of the mixture model reconstruction does not

deteriorate as fast with a larger missing cone.

Both the last two experiments show that the mixture model algorithm is more robust to

having only limited data.

3.3 Inferring class average orientations

The previous section showed how to infer a mixture model given images with known orientations.

This section considers the opposite situation: given a mixture model, how to infer the orientation

of each image.

As explained in Chapter 2, the ith image orientation is modeled as a rotationRi. The rotation
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Figure 3.13: Comparing the effect of the missing cone on the mixture model reconstruction

algorithm and on direct Fourier inversion. (Top) Results of the mixture model reconstruction

algorithm. (Bottom) Results using direct Fourier inversion. (Right) Each angle denotes the

size of the missing cone in Fourier space. A missing cone of 30◦ corresponds to a maximum tilt

angle of 60◦. (Left) Each reconstruction is compared to a reference GroEL structure at 15 Å by

computing an FSC curve. Comparing the FSC curves shows that at low resolution (below 20 Å)

the mixture model algorithm performs better, while at higher resolution direct Fourier inversion

is better. At low resolutions, larger missing cones have a stronger effect on the direct Fourier

inversion result than the mixture model result. Visually, the mixture model results also appear

to be less affected by the missing cone.

describes both the direction in which the mixture model is projected (two parameters), and the

in-plane rotation of the projected image (one parameter). Other reconstruction algorithms often

treat the projection direction and the in-plane rotation separately.

As in the previous section, the translations ti are fixed: ti = 0 for each i.

Estimating the rotations forms part of many of the reconstruction algorithms described in

Chapter 1. For instance, one of the two steps of every projection matching iteration is to update

the orientation parameters for each image based on the current estimate of the density map.

This can be either a global or a local update. During the first projection matching iterations, the

density map is projected along a grid covering all possible directions, to estimate the globally

best rotation for each image. During later iterations, the global grid is replaced by a local one

surrounding the current best estimate of the orientation parameters for each image.



3.3. Inferring class average orientations 59

0 1 10 50 100 200 300 400 500 1000 input

Figure 3.14: Estimating Pol II image orientation using local Gibbs sampling. The goal is to

estimate the orientation of a single image (right-most column). The initial images (left-most

column) are projections of the mixture model after applying different random rotations. Even

after 1000 Gibbs sampling steps (second-last column), only two of the rotations have converged

to the correct solution. The others are stuck in local optima. This shows that the local Gibbs

sampler can only find the correct rotation if it is initialised with a nearby rotation.

Similarly, the rotation sampler for mixture models can be either local or global. The local

rotation sampler is derived from the Gibbs sampler for the full model (Section 2.4) in the same

way that the mixture model sampler (Section 3.2) was derived: by fixing the known parameters

and removing their updating steps from the algorithm.

The parameters that remain are the assignments z, the missing components xm, and the

rotations R. These are sampled in turn from the same conditional distributions as before (Eqns.

2.85, 2.86, 2.92).

Each sampling iteration of z, xm andR forms one step of the Gibbs sampler for rotations. The

algorithm is initialised by sampling each rotation from the uniform prior over SO(3). Although

the Gibbs sampler does not converge to a single rotation, it usually only changes by small

amounts once the burn-in period has passed. The algorithm can therefore be evaluated by

testing if the last sampled rotation is in the vicinity of the true rotation or not.

Testing the algorithm with Pol II images shows that it does not always converge to the

correct rotation (Fig. 3.14). It converges to a local optimum, which coincides with the global

optimum only if the initial random rotation happens to be near the true rotation.

One reason why the Gibbs sampler often gets stuck in a local optimum is the following:

After sampling the assignments z, each count xijl in the image has been assigned to a specific

component, given by zijl. The conditional distribution for Ri depends on this assignment, i.e.
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it assumes that it is correct. It therefore assigns a very low probability to rotations where the

count would be very far away from the projection of its assigned component. But if the current

estimate of the rotation Ri is far from the true rotation, then many of the sampled assignments

are also wrong, and consequently the true rotation may have a very low likelihood under the

conditional distribution for Ri.

This effect of the Gibbs sampler getting stuck in local optima becomes more severe as the

number of components increases, and the component size decreases.

To motivate a different approach to rotation sampling, note that as before, the Gibbs sampler

is being used to sample from the extended posterior p(θ,Z|D), where the model parameters θ

are now just the rotations. As an alternative, consider the posterior that does not involve any

latent variables:

p(θ|D) ∝ p(D|R)p(R) (3.6)

∝
P∏

i=1

p(Ri|D), (3.7)

where

p(Ri|D) ∝
M∏

j=1

yi∏

l=1

K∑

k=1

wkN (xoijl|Po(Riµk + ti), s
−1I). (3.8)

The posterior for Ri is not a standard distribution from which samples can easily be drawn;

this was the motivation for introducing latent variables in Section 1.4.1. But we can nevertheless

sample from Eqn. 3.8 by approximating it with a discrete distribution. The approximation is

formed by sampling a large number NR of rotations Rm uniformly from SO(3), say NR = 10000.

The values of the posterior of Ri at these rotations form the weights of the discrete approxima-

tion:

p(Ri|θ,D) ≈
NR∑

m=1

wmδ(Ri −Rm), (3.9)

where the weights are

wm ∝ p(Rm|θ,D) (3.10)

NR∑

m=1

wm = 1. (3.11)

To sample a rotation Ri from Eqn. 3.9, just sample m from the categorical distribution with

weights wm, and let Ri = Rm be the desired sample.

This approach using the posterior distribution for Ri (Eqn. 3.8) and its discrete approxima-

tion (Eqn. 3.9), will be referred to as the global rotation sampler. It is very similar to the global

rotation update step in projection matching.
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Figure 3.15: Combining global and local rotation sampling to estimate the Pol II image orient-

ation from Fig. 3.14. (A) The initial rotations are again sampled randomly (first column). The

first step (second column) is a global rotation sampling step, which finds an rotation close to

the true rotation. During the remaining local Gibbs sampling steps, each rotation converges to

the vicinity of the true rotation. (B) For each of the 25 images, we compare the Euler angles

of the true rotation and the estimated rotation. All rotation estimates are very accurate, with

most of the angular errors < 1◦.

One difference between the local and global approaches to rotation sampling is that global

rotation sampling is much more computationally intensive. Fortunately, one global rotation

sampling step is usually enough to find a rotation in the vicinity of the true rotation. The

proposed algorithm for estimating rotations is to start with a single global rotation sampling

step, followed by multiple local rotation sampling steps to converge to the solution.

Fig. 3.15 shows that this algorithm successfully converges to the correct rotation in all tested

examples.

3.4 Inferring mixtures from class averages with unknown ori-

entations

This section introduces the complete algorithm for inferring initial models from class averages.

The algorithm estimates both the mixture model and the image orientations simultaneously by

combining the algorithms from the previous two sections.

3.4.1 Initial and refinement stages

The algorithm is divided into two parts: an initial stage, and a refinement stage. A very low

resolution structure using only a few mixture components is constructed during the initial stage,

and then refined with more components during the refinement stage.
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Figure 3.16: Initial stage of complete algorithm for inferring initial model from class averages.

The initial stage (Fig. 3.16) alternates between mixture model updates and rotation updates.

Each of these updates consists of several Gibbs sampling steps during which the other model

parameters are kept fixed.

The algorithm is initialised by sampling both a mixture model and rotations from the prior.

The translations are set to zero, and held fixed during the initial stage.

After initialisation, the rotations are fixed, and the mixture model parameters are updated

with multiple Gibbs sampling steps. This is the same algorithm as in Section 3.2, although fewer

Gibbs sampling steps are used.

The mixture model parameters are then fixed, and the rotations are sampled using the

algorithm proprosed at the end of Section 3.3. That is, a single global rotation sampling step is

followed by multiple local rotation sampling steps.
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The mixture model parameters are then sampled again with the rotations fixed, and so

on. The complete algorithm typically converges within a few iterations of alternating between

mixture model parameters and rotations.

The important parameters that have to be specified by the user for the initial stage are the

number of components K, the size of each image, the number of counts N0 per image, and the

number of rotations NR for the global rotation sampling step. The effect of these parameters

on the results will be investigated below. Due to the small number of components, it is not

necessary to use high resolution images, or many counts per image. The default values are

K = 100 or K = 200, images of size 32×32 or 50×50, 1000 counts per image, and NR = 1000

rotations for global rotation sampling.

To improve its robustness, the algorithm is repeated several times with the same input data,

and the resulting models are ranked by their log-posterior probability. The final model which

has the highest log-posterior probability is used as the input to the refinement stage. This

model is usually the one with the best estimates of the rotations, as in the example below in

Section 3.4.3.

The purpose of the initial stage is to obtain a very low resolution model whose rotations

are close to the true rotations. These rotations are used to initialise the refinement stage, along

with a random mixture model sampled from the prior. The number of mixture components is

increased to improve the resolution of the model.

During the refinement stage, the mixture components, rotations and translations are sampled

using the Gibbs sampler introduced in Section 2.4. Due to the larger number of components

used (between 500 and 2000), the images should have a higher resolution, and more counts per

image. Once the Gibbs sampler has converged, multiple mixture models are averaged as in

Section 3.2.2 to estimate the posterior mean, which is the final result of the algorithm.

3.4.2 Example

Fig. 3.17 shows the application of the full algorithm to the 50S ribosome subunit. The input

data of 25 class averages are simulated exactly as in Section 3.2, by converting an atomic model

to a density map, and projecting it in random directions.

During the initial stage (Fig. 3.17 top of A, B), the class averages are downsampled to

32×32, they are discretised to have only 1000 counts per image, and the mixture model has

only 100 components. During the refinement stage (Fig. 3.17 bottom of A, C ), the number of

components is increased to 2000. The final result, the posterior mean, is very similar to the

reference model at 25 Å, with a cross-correlation of 0.990.

Fig. 3.17 B, C shows how the log-posterior changes. During the initial stage, the log-

posterior makes a series of jumps during the first five steps. There are two such jumps during each

step, corresponding to the mixture model update and the rotation update respectively. About

seven steps into the initial stage, the log-posterior stabilises, except for a small dip directly after

each global rotation update. This is because only NR = 1000 rotations are considered during
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Figure 3.17: Results for the 50S ribosome. (A) Starting from a random initial model, the initial

stage converges within ten steps. The number of components (black spheres) are then increased

from 100 to 2000, and multiple models from the posterior distribution are shown. These are

averaged to obtain the final reconstruction. The cross-correlation with the reference model at 25

Å is 0.990. (B,C ) Monitoring the log-posterior and the component size shows that the algorithm

converges quickly in both the initial and refinement stages. (D) The FSC curve between the

reconstruction and the reference shows that they agree to a resolution of 15.9 Å at FSC = 0.5.
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each global rotation update. If each of the 25 rotations has already converged to the vicinity of

the true rotation, then choosing from only 1000 random rotations typically produces a slightly

worse rotation. Subsequent local rotation updates quickly brings each rotation back to where it

was.

During the refinement stage the log-posterior increases quickly and more evenly.

3.4.3 Multiple restarts

To improve the robustness of the initial stage, the algorithm is repeated several times with the

same input data. Fig. 3.18 shows four independent runs of the initial stage using Pol II data.

The purpose of the initial stage is to estimate the rotations. The accuracy of the rotations

is evaluated by comparing them to the true rotations. If Ri is the true rotation, and R̂i is the

corresponding estimate, then the relative rotation is given by R̂T
i Ri (assuming no reflections,

see below). If all the rotations were estimated correctly, then all the relative rotations should be

the same. As shown in Fig. 3.18, this is the case for each of the four runs of the algorithm, for

almost all the rotations. Furthermore, the runs with the fewest rotation errors can be identified

as the ones with the highest log-posterior (at least in this case).

Note that the correct rotations can only be recovered relative to each other, not in an absolute

sense. The inferred density map is thus a rotated version of the reference density (assuming no

reflections). To see this, suppose that the true model parameters include rotations Ri and means

µk. Then for any A ∈ SO(3), let the estimated rotations be R̂i = RiA
T and the estimated means

µ̂k = Aµk. Assume that all the other parameters were estimated correctly. Because the rotations

and the means occur in the forward model (Eqn. 2.76) together as Riµk, the rotation A cancels

out when using the estimated parameters:

R̂iµ̂k = RiA
TAµk = Riµk. (3.12)

Therefore, in this case the value of the log-posterior is exactly the same for the estimated

parameters and the true parameters. The relative rotations shown in Fig. 3.18 give the value

of A (assuming no reflections):

R̂T
i Ri = (RiA

T )TRi = A. (3.13)

The posterior probability is also invariant to a reflection of the density. This is known as

the issue of handedness (or chirality) (Frank 2006, Chapter 4): it is not possible to determine

the handedness of an electron density from its projections alone. To see this, let Ri and µk

denote the true parameters as above. Then let the estimated rotations be R̂i = SRiS and the

estimated means µ̂k = Sµk, where

S =






1 0 0

0 1 0

0 0 −1




 (3.14)
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is a reflection about the xy-plane. The invariance of the forward model follows from:

PoR̂iµ̂k = PoSRiSSµk = PoRiµk, (3.15)

using PoS = Po.

If the density has undergone a reflection as well as a rotation, the new parameters would be:

µ̂k = SAµk (3.16)

R̂i = SRiA
TS, (3.17)

and the relative rotation should be computed as

(SR̂iS)
TRi = (SSRiA

TSS)TRi = A. (3.18)

For the examples in this section, where the true handedness is known, the handedness of the

result of the algorithm can be determined by computing both versions of the relative rotations

(Eqns. 3.12 and 3.18), and using the one that forms a cluster. This approach was used for Fig.

3.18 and the subsequent figures.

3.4.4 The number of components

One of the parameters to choose for the initial stage is the number of mixture model compon-

ents (K). Fig. 3.19 shows the effect of K on the result of the initial stage. It shows that

even with as few as 10 components, the algorithm is sometimes able to estimate the rotations

correctly. From 50 components upwards they are usually correct, and therefore 100 components

was chosen as the default.

The figure also shows that the total time required for the algorithm scales roughly linearly

with the number of components.

3.4.5 Global rotation sampling

Another parameter needed for the initial stage is the number of rotations (NR) to use when

sampling the global rotations. More rotations ensures a more accurate approximation to the

distribution over the global rotations, but increases the computational requirements.

Fig. 3.20 tests the effect of NR on the results. It shows that if NR ≤ 500, then its precise

value doesn’t have much effect on the total time of the algorithm. With more rotations, the

global rotation sampling step starts dominating the computation time, which increases linearly

w.r.t. the number of rotations (in addition to a constant term). The figure also shows that for

NR ≥ 500, almost all of the rotations are estimated correctly. Note that for other structures, a

higher value of NR might be required.

3.4.6 The number of counts

Another parameter for the initial stage is the number of counts (N0) to use per image when

discretising the real-valued class averages. Fig. 3.21 tests the effect of N0 on the result.
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Figure 3.18: Initial stage for Pol II. Both a mixture model with 100 components and 25 rotations

are sampled given 25 class averages with size 32×32 and 1000 counts per image. The input data

and mixture models are not shown. The algorithm is repeated four times, corresponding to the

four different colours. (A) In all four cases, the log-posterior converges to roughly the same

value. (B) Every application of the algorithm takes around 100 seconds. The vertical jumps

in the elapsed time at every step correspond to the global rotation sampling step, which uses

1000 random rotations in this case. (C ) The rotations are compared to the true rotations; a

cluster indicates that they are correct relative to each other. Each relative rotation is shown

using Euler angles: α and β are the (x, y) coordinates of the marker, and γ is the direction of

the line based at the marker. For two of the cases (blue and green) all rotations are correct,

while for the other two cases (red and cyan) one rotation is incorrect. This is also seen in the

log-posterior, which is higher for the cases with all rotations correct. (Bottom row) The relative

rotations are initially random, but converge within a few steps.
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Figure 3.19: Initial stage for Pol II, varying the number of components. (A,B) As the number

of components varies from 5 to 500, the total time needed by the algorithm increases roughly

linearly. (C ) With only 5 or only 20 components, the algorithm does not find the correct

rotations, but in all other cases there is at most one incorrect rotation.
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Figure 3.20: Initial stage for Pol II, varying the number of rotations (NR) used in the global

rotation sampling step. (A) The final log-posterior increases with NR. The dip in the log-

posterior after every global rotation sampling step decreases with increasing NR. (B, C ) As NR

increases from 100 to 5000, the proportion of time spent on the global rotation step increases. (D)

With NR ≤ 200, only about half of the rotations are estimated correctly, while with NR ≥ 2000,

all the rotations are correct. For the intermediate values of NR = 500 and NR = 1000, all but

two rotations are estimated correctly.
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Figure 3.21: The effect of varying the number of counts (N0). (A) The total time needed by the

algorithm is composed of a constant term, and a term that depends roughly linearly on N0. (B)

In all cases, almost all rotations are estimated correctly. The variation in each cluster decreases

with increasing N0.
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3.4.7 Phantom example

In addition to the 50S ribosome, the algorithm was also tested on simulated data used by Jaitly

et al. (2010) to test their initial model algorithm. They projected a phantom structure in random

directions to generate 50 projected images (class averages) of size 32×32. We used exactly the

same 50 images as input to our algorithm to be able to compare our results with theirs.

Fig 3.22 shows the results of our algorithm using the phantom dataset. The initial stage was

repeated four times with different random initial models (Fig 3.22A). In all four cases the log-

posterior converged to roughly the same values, and the corresponding models are very similar

to each other (after accounting for reflections and rotations). One of the four models was used

to initialise the refinement stage (Fig 3.22B), where the log-posterior quickly converges.

Fig 3.22D shows the input images of the initial stage, and the projections of the final model

of the initial stage. The input images have been discretised with 1000 counts. Corresponding

images agree well. Fig 3.22E shows the same comparison for the refinement stage. The images

are still only 32×32, but have been discretised with 10000 counts.

In Fig 3.22F the final posterior mean is compared to the reference model originally used by

Jaitly et al. (2010) to create the input images. The two structures are visually very similar.

This is confirmed by the FSC curve, which shows that they agree to a resolution of 25.4 Å at

FSC=0.5 (Fig 3.22C ).

The result obtained by Jaitly et al. (2010) using their algorithm agreed with the same

reference to a resolution of only 48.9 Å at FSC=0.3. Using the same threshold of 0.3, our result

agrees with the reference to a resolution of 28.8 Å, which is significantly better. Besides giving a

significant improvement in resolution, our algorithm is also more than two orders of magnitude

faster: it required less than an hour, compared to their reported computation time of about a

week.

The algorithm of Jaitly et al. (2010) is the only other Bayesian algorithm for inferring initial

models. One reason why it takes so much longer, is that it integrates over the rotations numer-

ically by sampling rotations from the prior and using Monte Carlo integration. Most rotations

produce projections that differ significantly from the input images, and therefore contribute

very little to the integral being estimated. In our case, the local rotation sampler only considers

rotations in a neighbourhood of the previous rotation, for which the projections are typically

quite similar to the input images.

The comparatively low quality of their result can be explained by the 32×32×32 grid that

is not able to represent the structure at a sufficiently high resolution. Note that even with such

a coarse grid, 323 = 32768 parameters are needed to represent the structure. In comparison, for

the refinement stage we used 500 components; a total of 2000 parameters.
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Figure 3.22: Results for the phantom from Jaitly et al. (2010), using their images as input. (A)

Four different models are inferred during the initial stage starting from four different random

models. The one with the highest log-posterior is used for the refinement stage, but any could

have been used in this case. (B) The log-posterior converges quickly during the refinement

stage. (C ) The FSC curve between the result and the reference structures in F shows that the

two densities agree to a resolution of 25.4 Å at FSC=0.5. (D) Six of the input images (top) are

compared to the corresponding six projections of the final model of the initial stage (bottom).

The similarity between the images shows that the rotations were estimated correctly. (E ) The

same comparison between input images and projections of the final model is also done for the

refinement stage.
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3.5 Computational efficiency

This section discusses implementation details which have a large effect on the running time of

the algorithms.

All algorithms were implemented in a combination of Cython1 and Python2. Cython trans-

lates Python code with static type annotations into C code.

3.5.1 Efficient evaluation of mixture models on grids

A common step in all the algorithms introduced in Chapter 2 is evaluating an isotropic mixture

model on a regular grid. There are two cases: evaluating mixture models on three-dimensional

grids to convert them to density maps, and evaluating them on three-dimensional or two-

dimensional grids during the assignment sampling step.

In principle, each Gaussian component should be evaluated at each grid point. But for

grid points that are far from the mean of the component, the value of the Gaussian will be

vanishingly small. A very good approximation is to evaluate the Gaussian only at grid points

that are within a distance of kσ from the mean of the Gaussian, where σ2 is the variance. A

conservative threshold of k = 5 was used for all the algorithms in this thesis.

Introducing this cut-off significantly reduces the amount of computation needed, especially

for small values of σ. For example, consider a mixture model with K = 1000 and σ = 5 Å that

is converted to a density map on a grid with N = 1003 voxels and a voxel size of V = 2 Å.

Without the cut-off, the conversion would require

NK = 109 (3.19)

evaluations of Gaussian components. With a cut-off of kσ, there will approximately (2kσ/V )3

grid points within a box with side length 2kσ centered at each mean. The total number of

evaluations is thus only

(
2kσ

V

)3

K = 15625000, (3.20)

which is 1.56% of the original total. This ratio can be expressed as

1

N

(
2kσ

V

)3

=
( σ

20

)3
. (3.21)

As another example, consider fitting a mixture model to a density map as in Section 3.1.

If there were no cut-off, during the assignment step the soft assignments rik would have to be

computed for each voxel i and each component k. Given the same parameters as above, that

would amount to the same number of soft assignments. Restricting assignment evaluations to

1
cython.org

2
python.org

cython.org
python.org
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Figure 3.23: Effect of component size on duration of Gibbs sampling step. A 500-component

mixture model was used to approximate a Pol II density map. (A,B) Both the time per step

and the component size decrease, especially at the start of the algorithm. (C ) The part of the

computation time that depends on the component size is roughly proportional to the cube of

the component size.

points within the box around each mean again reduces the required number of evaluations to

(σ/20)3 = 1.56% of the total.

In this example, σ is the only parameter that changes during the algorithm. The contribu-

tion of the assignment sampling step to the running time of the algorithm should therefore be

proportional to σ3. This is confirmed in Fig. 3.23. As shown in the figure, the component size

decreases while running the algorithm, and therefore successive sampling steps become faster.

The discrete transitions in the running time per sampling step correspond to changes in the

number of grid points in each mean-centered box.

Introducing the cut-off also greatly reduces the memory requirements for the algorithm,

which are dominated by the memory requirements for sampling the assignments. Again con-

sider the example of fitting a mixture model to a density map with the parameters as given

above. Without the cut-off, the 109 soft assignments would need about 4 GB of memory, as-

suming 4 bytes for each value. With the cut-off, the proportion of non-zero soft assignments is

approximately (σ/20)3, as above. The total amount of memory required is determined by the

maximum value of σ. If the prior is centered around 10 Å, then for this example the maximum

value of σ would be approximately 10 Å, translating to 0.5 GB of memory. Introducing the

cut-off thus reduces the memory requirement by 87.5% in this case.

For inferring three-dimensional mixtures from class averages, the memory requirements are

not that high. But the savings obtained from applying a threshold when evaluating the Gaussians

are still significant.

Computing the soft assignments is the main contribution to the computation time for each

Gibbs sampling step. This can be seen in Table 3.1, which shows the contribution of each

conditional distribution to the computation time. The example used is a 500-component mixture

model of Pol II with 10000 counts for each of 25 class averages. The sampler is initialised with
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Figure 3.24: Approximating the Gaussian distribution using a fast approximation to the ex-

ponential function. The approximation is accurate enough for the Gibbs sampler to work, but

faster to evaluate.

the true mixture and rotation parameters.

During each soft assignment computation the exponential function is evaluated once. A

significant speed-up can be obtained by using an approximation to the exponential function

described by Schraudolph 1999 (Fig 3.24). Using the approximate exponential function does

not adversely affect the results of the algorithm, but reduces the computation time for the soft

assignments by about 57%.

3.5.2 Sampling rotations

As mentioned in Section 2.4.2, the conditional distribution for the rotations is of the form

exp tr(AT
i Ri), (3.22)

(see Eqn. 2.92), and the algorithm by Habeck (2009) is used for sampling from it.

The most computationally expensive step in the sampling algorithm is computing the SVD

(singular value decomposition) of the 3×3 matrix Ai. There are algorithms readily available for

computing the SVD of a square matrix of arbitrary size, but tailor-made algorithms for 3×3

matrices are faster. We use a very efficient C++ implementation by McAdams et al. (2011).
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Parameters Standard exponential Fast approximation

Soft assignments 46 ms (62.2 %) 20 ms (41.8 %)

Hard assignments 20 ms (27.1 %) 20 ms (41.8 %)

Missing components (xm) 3.2 ms (4.3 %) 3.2 ms (6.7 %)

Weights (w) 0.1 ms (0.1 %) 0.1 ms (0.2 %)

Means (µ) 1.1 ms (1.5 %) 1.1 ms (2.3 %)

Precision (s) 2.5 ms (3.4 %) 2.5 ms (5.2 %)

Rotations (R), translations (t) 1.0 ms (1.4 %) 1.0 ms (2.1 %)

Total time 73.9 ms 47.9 ms

Table 3.1: The effect of using a fast approximation to the exponential function. Shown are

the averages times for a single Gibbs sampling step of a 500-component mixture model with 25

rotations and translations. Using the approximate exponential function reduces the time needed

to evaluate the soft assignments by 57%, and the total time by 35%.
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Chapter 4

Experiments with real data

Section 3.4 of the previous chapter showed how to use our algorithm to infer initial models from

simulated class averages. In this chapter, the same algorithm will be applied to real data.

The first step will be to obtain class averages that are suitable for our algorithm. The

algorithm will then be tested on three different real datasets.

4.1 Computing class averages

The first step in the cryo-EM data processing pipeline (Section 1.2) is to form class averages

from the individual particle images. These class averages are used as input by most initial model

inference algorithms, including ours.

Fig. 4.1 shows an outline of a typical class averaging algorithm, using simulated data. The

individual particle images are aligned relative to each other, and clustered to form groups. The

images in each group are averaged together to create class averages.

The class averages shown in Fig. 4.1 would be suitable as input to our initial model algorithm.

However, when using real data, the resulting class averages look different. Fig. 4.2 shows the

class averages obtained using the software package EMAN2 with real GroEL data. Compared

to Fig. 4.1, the EMAN2 class averages have both strong positive and negative values (the

background value is zero). This is due to the effect of the contrast transfer function (CTF) of

the electron microscope.

The CTF is part of the forward model of the electron microscope image formation process. It

is not taken into account by most class averaging algorithms. Instead, a partial correction such

as phase-flipping is applied to individual particle images before the class averaging step. But

Fig. 4.2 shows that this is not enough to account for the effect of the CTF. As an alternative to

phase-flipping, Wiener filtering is sometimes used, but it also produces class averages with both

positive and negative values.

Our algorithm requires input images that are non-negative. For this we must fully correct

for the effect of the CTF. Below we introduce a deconvolution algorithm that can be combined

with an existing class averaging algorithm to do full CTF correction.

77
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align cluster average

Figure 4.1: Simplified pipeline of typical class averaging algorithms. The raw images are aligned

relative to each other, clustered into classes, and averaged to create class averages with high

SNR. In practice, the alignment and clustering steps are combined in an iterative algorithm

class averaging

Figure 4.2: Class averaging applied to real GroEL data using EMAN2. About 5000 images were

used to obtain 13 class averages. The class averages clearly show the effect of the CTF in the

form of large negative values, such as the dark edges around the particles.

The deconvolution algorithm treats the class averaging problem as an inverse problem, and

as in Chapter 1, the first step is to formulate the forward model.

There exists a class averaging algorithm that performs full CTF correction as part of the

RELION software package. This can be used as an alternative to the deconvolution algorithm

introduced below.

4.1.1 Standard image formation model

Section 1.4.5 introduced the forward model underlying many initial model algorithms. The

forward model describes how each observed particle image is obtained from the electron density:

by rotating the density, projecting it, and adding Gaussian noise to the projected image.

In this section we are concerned only with the last part of the forward model: from the

projected image y to the observed image z. Instead of just adding Gaussian noise ǫ, the forward

model is refined to include a convolution (∗) with a point-spread function f . The final image z
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Figure 4.3: (A) The image formation model, relating the projected image y to the observed

image z. The projected image is convolved by the PSF f before adding i.i.d. Gaussian noise ǫ.

The negation of the actual PSF is used here, to make it easier to compare f ∗ y with y. (B) The

CTF is the Fourier tranform of the PSF. In the absence of astigmatism, it is radially symmetric,

and the radial profile shown here has a parametric form (Frank 2006, p. 34).

is thus obtained from y as follows (see also Fig. 4.3A):

z = f ∗ y + ǫ. (4.1)

This model is known as the linear, weak-phase-object approximation of the image formation

process in the electron microscope. For more information about image formation in cryo-EM,

see Frank (2006) and Penczek (2010b).

The point-spread function (PSF) describes the effect of the electron microscope. Its Fourier

transform is known as the contrast transfer function (CTF). The CTF (see Fig. 4.3B) has a

parametric form, with some parameters determined by the microscope settings, and others that

can be estimated from the recorded micrographs. For deconvolution, we therefore assume that

the CTF (and thus the PSF) is known.

As can be seen from Fig. 4.3A, the CTF has a strong effect on the images. This effect must be

taken into account at some stage of the reconstruction pipeline. A common approach is to apply

a CTF-correction algorithm to individual images such as z, and then compute class averages

using the CTF-corrected images. CTF-correction is thus separated from class averaging.

A widely-used CTF-correction algorithm is phase-flipping. Phase-flipping is a partial correc-
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Figure 4.4: The forward model used for multi-frame deconvolution. Observed images zi with

similar orientations can be modelled as originating from the same projection image y. For each

image zi, the projection y is convolved with a different PSF fi. The deconvolution problem is

to estimate y given the zis.

tion of the effect of the CTF where the image is transformed to Fourier space, multiplied by the

sign of the CTF function, and transformed back to real space. This does not produce optimal

results, because the amplitude of the CTF is ignored.

Our approach is to combine the CTF-correction step with the class averaging step, and

perform full CTF-correction. This is done by appending a deconvolution step to one of the

standard class averaging algorithms.

Fig. 4.4 shows how multiple images zi are created from the same projected image y. The

images zi correspond to one of the clusters of images obtained during class averaging. The goal

of deconvolution is to estimate y given the zis.

The variation in the PSFs in Fig. 4.4 is due to changes in the defocus parameter of the

CTF. Changing the defocus changes the positions of the zero-crossings of the CTF in Fig. 4.3B.

When applying the CTF to an image, the information at the frequencies corresponding to the

zero-crossings of the CTF is lost. This makes it difficult to estimate y given a single zi. A better

estimate of y can be obtained by combining zis with different defocus settings. This is the idea

behind multi-frame deconvolution.
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class averaging deconvolution masking

Figure 4.5: Class averaging and multi-frame deconvolution results for the 70S ribosome. The

class averaging algorithm from ASPIRE is used to compute 50 class averages. The three rows

correspond to the first three class averages. For each class average, seven defocus averages

are computed, of which five are shown (the columns in the second image). The multi-frame

deconvolution algorithm is applied to each set of seven defocus averages, followed by a masking

step.

4.1.2 Deconvolution

There are many class averaging algorithms, such as the ones implemented in the software pack-

ages EMAN2 and ASPIRE (Zhao and Singer 2014). Although the output of the algorithm is a

set of class averages, it is possible to determine the aligned images that were used for each class

average (corresponding to the second-last image in Fig. 4.1).

The deconvolution algorithm takes the aligned images belonging to a given class as input

(the zis in Fig. 4.4), and estimates the corresponding deconvolved class average y. The forward

model for generating each zi from y is the same as in Eq. 4.1:

zi = fi ∗ y + ǫi, (4.2)

where the PSF fi is known, and the i.i.d. Gaussian noise ǫi has the same variance for all i.

The MAP (maximum a posteriori) estimate for y is found by minimizing the convex loss

function:

L(y) =
1

2

∑

i

‖zi − fi ∗ y‖2 +
1

2
α‖∇y‖2, (4.3)

subject to the constraint that y be non-negative. Here ∇ is the gradient operator, and α is

a hyperparameter controlling the smoothness of y. The regularization parameter α needs to

be specified. For our experiments we used α = 10. Eq. 4.3 is optimised using the L-BFGS-B

algorithm (Byrd et al. 1995).

The computation time for the optimisation algorithm depends on the number of input images

zi. The computation time can be reduced by averaging together images with a similar PSF.

This is done by dividing the range of defocus values into equally sized intervals, and averaging

together images whose PSFs have defocus values in the same interval. The averages are then

used as the zis in Eq. 4.3 with corresponding weights to indicate the number of images in

each cluster. This simplification can have a significant effect on the computation time, without

strongly affecting the results.
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class averaging masking

Figure 4.6: The class averaging algorithm of RELION with full CTF-correction applied to the

same 70S ribosome data as in Fig. 4.5.

In the special case where there is only one defocus interval, all zis are averaged together to

form a single z, which is the original class average. The cost function then simplifies:

L(y) =
1

2
‖z − f ∗ y‖2 + 1

2
α‖∇y‖2. (4.4)

This is known as single-frame deconvolution, in contrast to multi-frame deconvolution (Eq. 4.4).

It can be applied directly to the class averages. Although the results are generally inferior

to those obtained using multi-frame deconvolution, they can still be good enough to infer a

low-resolution initial model.

Fig. 4.5 shows an application of the deconvolution algorithm to real 70S ribosome data. The

original 5000 images are processed using ASPIRE’s class averaging algorithm to obtain 50 class

averages. The approximately 100 images contributing to each class average are clustered into

7 groups with similar defocus values, yielding 7 defocus averages. Fig. 4.5 shows only the first

5 defocus averages, for the first 3 class averages. Multi-frame deconvolution is applied to each

cluster of 7 images, yielding 50 deconvolved class averages.

The deconvolved class averages are non-negative, but typically have small non-zero values

near the edges (barely visible in 4.5). These values near the edge are removed by applying a

mask to each image. The mask is constructed manually for each image by tracing the outline

with a mouse pointer.

Instead of combining an existing class averaging algorithm with a multi-frame deconvolution

step as above, an alternative is to use the class averaging algorithm from the software package

RELION, which performs full CTF correction. Fig. 4.6 shows the results for the same 70S

ribosome images. The edge effects are more severe, but can again be removed by applying a

mask. The resulting class averages look similar to the ones from Fig. 4.5, and both can be used

to infer an initial model.

4.2 Inferring initial models

The full algorithm for inferring initial models was tested on three datasets with real data.
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Figure 4.7: Results for the 70S ribosome, using real data. (A) Despite being initialised with an

unrelated structure, GroEL, the algorithm converges to the correct 70S structure. The first two

rows are steps from the initial stage, the next row shows models from the posterior distribution

obtained during the refinement stage. At the bottom the posterior mean is compared to the

result obtained using the PRIME algorithm, low-pass filtered, and using the same input data.

(B) When initialised with a random model, the algorithm also converges to the correct structure.

(C ) During the initial stage, four different models are inferred, and only the one with the highest

log-posterior (b in this case) is used for the refinement stage. (D) The log-posterior converges

quickly during the refinement stage. (E ) The FSC curve between the posterior mean in B and

the PRIME result shows that the two densities agree to a resolution of 31.1 Å at FSC=0.5. The

cross-correlation between each of the posterior means and the PRIME result is 0.900 and 0.895

respectively, which the cross-correlations between the two posterior means themselves is 0.986.

(F ) Five of the input images to the initial stage (left) are compared to the projections of the final

model of the initial stage (right). (G) For the refinement stage the input images are compared

to the projections of the final model.
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4.2.1 70S ribosome example

The first dataset is the 70S ribosome, taken from the Electron Microscopy Data Bank (EMDB)

(Frank 2014; Scheres et al. 2007). The EMDB has two 70S ribosome datasets with 5000 images

each, representing slightly different structures. The first dataset is the ribosome with elongation

factor G (EF-G), while the second dataset is without EF-G. The results for the first dataset are

presented here to be able to compare to other initial model algorithms that have been tested on

the same data.

The dataset consists of 5000 images of size 130×130 at a sampling rate of 2.82 Å/pixel. The

class averaging and deconvolution step for the dataset was described in the previous section.

The pipeline from the raw data to the deconvolved class averages is shown in Fig. 4.5.

The results of applying the initial model algorithm to the class averages are shown in Fig.

4.7. The figure shows two experiments. In the one case (Fig. 4.7B), the model parameters are

initialised by sampling them from the prior, as usual. In the other case (Fig. 4.7A), a model of

GroEL is used instead. In both cases the algorithm converges to the correct structure, showing

that it is not biased by the choice of initial model.

For the initial stage (of Fig. 4.7B), four independent runs of the algorithm were carried out,

while monitoring the log-posteriors (Fig. 4.7C ). As seen in Fig. 4.7C, two of the runs have

a similar log-posterior, higher than the other two. The one with the highest log-posterior was

used to initialise the refinement stage. In the refinement stage in Fig. 4.7D, the log-posterior

converges quickly. The posterior mean shown at the bottom of Fig. 4.7B was formed as the

average of 50 samples from the refinement stage.

In Fig. 4.7F, the input images to the initial stage are compared to the projections of the

final model of the initial stage. They match very well. The input images have size 32×32, and

were discretised using 2000 counts. Fig. 4.7G shows a similar comparison between the input

images to the refinement stage and the projections of the final model of the refinement stage.

The input images to the refinement stage have size 64×64, and were discretised using 10000

counts.

For both experiments, the final posterior means were compared to the result obtained using

the PRIME algorithm (Elmlund et al. 2013) with exactly the same input data. As can be seen

from Fig. 4.7A and 4.7B, the structures are all very similar. The normalised cross-correlation

between the result in Fig. 4.7B and the PRIME result is 0.900, and they agree to a resolution

of 31.1 Å at FSC=0.5 (Fig. 4.7E ).

The total computation time for the initial and refinement stages with GroEL as initial model

was 28 minutes. The multi-frame deconvolution step took 24 minutes, while computing the class

averages with ASPIRE took 50 minutes. The class averaging step used 8 cores on a desktop

computer, while the other steps used a single core on a laptop. All the steps together therefore

required less than 8 CPU hours. In comparison, computing the PRIME result took about 10

hours on a cluster with 40 cores. In general PRIME takes around 500 to 1000 CPU hours to

compute an initial model. This example shows that the algorithm introduced in this thesis
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class averaging deconvolution masking

Figure 4.8: Preprocessing for GroEL data. EMAN2 is used to obtain 13 class averages, of which

6 are shown. Single-frame deconvolution and masking is applied to the class averages to obtain

non-negative images that can be used as input to the initial model inference algorithm.

produces comparable results in a fraction of the time required by PRIME.

Vargas et al. (2014) also tested their proposed initial model inference algorithm using the

same 70S ribosome dataset. Their result is not available for comparison, but we can compare the

computation times. They used the algorithm CL2D from Xmipp to compute 16 class averages

that were low-pass filtered to 25 Å. Computing the class averages took 435 minutes using two

cores on a laptop. In terms of CPU hours, this takes about twice as long as computing our 50

class averages with ASPIRE. Applying their algorithm using two cores took another 50 minutes.

In our case, the deconvolution and Gibbs sampling algorithm together took 52 minutes on a

single core, which is again about twice as fast.

4.2.2 GroEL example

The second dataset is a publically available GroEL dataset (Ludtke 2014) consisting of about

5000 images of size 128×128 at a sampling rate of 2.12 Å/pixel.

Fig. 4.8 shows the pipeline starting from the raw particle images up to the deconvolved

class averages. In the first step EMAN2 was used to obtain 13 class averages. These were

then deconvolved using single-frame deconvolution, and the background was masked out. The

resulting 13 images were used as input to our initial model inference algorithm.

Fig. 4.9 shows the result of applying the initial model inference algorithm. The algorithm

was modified to enforce the known D7 symmetry group on the result. As with the 70S ribosome,

four independent runs of the algorithm were used for the initial stage (Fig. 4.9A). The final

model with the highest log-posterior was used for the refinement stage (Fig. 4.9B).

For the final model of the initial stage, its projections are very similar to the input data

(Fig. 4.9D). The same is true for the final model of the refinement stage (Fig. 4.9E ). The input

images to the initial stage were downsampled to size 50×50, and discretised with 5000 counts.

The refinement stage used the original input image size of 128×128, with 50000 counts.

In Fig. 4.9F the posterior mean produced by the algorithm is compared to a GroEL reference

model (PDB:1OEL) at 20 Å. The two structures have a cross-correlation of 0.927, and they agree
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Figure 4.9: Results for GroEL, using real data. (A) Four different models are inferred during the

initial stage; the one with the highest log-posterior is used for the refinement stage. (B) The log-

posterior converges during the refinement stage. (C ) The FSC curve between the result and the

reference structures in F shows that the two densities agree to a resolution of 17.5 Å at FSC=0.5.

(D) Six of the input images (top) are compared to the corresponding six projections of the final

model of the initial stage (bottom). The images are very similar. (E ) The same comparison

between input images and projections of the final model is also done for the refinement stage.

to a resolution of 17.5 Å at FSC=0.5 (Fig. 4.9C ).

Computing the class averages with EMAN2 took 19 minutes, and the deconvolution took 2

minutes. Applying the initial model inference algorithm took 13 minutes, from the initial stage

to the posterior mean. All the steps besides the EMAN2 class averaging were performed on a

single core of a laptop.

4.2.3 APC/C example

The third dataset is from the human Anaphase Promoting Complex (APC/C) (Frye et al. 2013).

About 10000 particles of size 80×80 at a sampling rate of 4.9 Å/pixel were processed to produce

61 class averages. The class averages were deconvolved using single-frame deconvolution, and

masks were applied. See Fig. 4.10 for the pipeline.
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class averaging deconvolution masking

Figure 4.10: Preprocessing steps for APC/C data.

Fig. 4.11 shows the result of our initial model inference algorithm. As with the previous two

experiments, exactly two of the four initial model runs reached roughly the same log-posterior

(Fig. 4.11A). The refinement stage converged quickly (Fig. 4.11B).

The input data is compared to the final projections for the initial stage (Fig. 4.11D) and the

refinement stage (Fig. 4.11E ). There are small difference for the initial stage, but the images

agree very well in the refinement stage. For the initial stage, the images were downsampled to

32×32, and discretised with 1000 counts. The refinement stage used the original input image

size of 80×80, with 20000 counts.

In Fig. 4.11F the posterior mean produced by the algorithm is compared to the reconstruc-

tion (EMD-2354) published using data from the same source (Frye et al. 2013). The structures

have a cross-correlation of 0.902 and agree to a resolution of 24.8 Å at FSC=0.5.
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Figure 4.11: Results for APC/C, using real data. (C ) Four different models are inferred during

the initial stage; the one with the highest log-posterior is used for the refinement stage. (D)

The log-posterior converges during the refinement stage. (E ) The FSC curve between the result

and the reference structures in F shows that the two densities agree to a resolution of 24.8 Å

at FSC=0.5. (D,E ) For the initial and refinement stages, the input images are compared to

the projections of the final model. (G) The distribution of rotations at the end of the initial

stage. For each image, a cluster of rotations corresponding to multiple Gibbs sampling steps are

shown. The width of each cluster gives an indication of the precision of the estimated rotation.



Chapter 5

An alternative model with Gaussian

noise

In Chapters 2, 3 and 4, we introduced an initial model inference algorithm, and tested it on

simulated and experimental data.

One disadvantage of applying the algorithm to experimental data is that the images have to

be non-negative. This is not the case for the class averages produced by most class averaging

algorithms. In Chapter 4 we introduced a pre-processing deconvolution step to our algorithm

to ensure that the input images are non-negative. In addition to the extra deconvolution step,

it is also necessary to mask out the background in the deconvolved images.

In this chapter, we introduce a different initial model algorithm, one that does not need a

deconvolution or masking step. Instead, the input data will be the unmodified class averages

produced by common class averaging algorithms. In particular, the images no longer need to be

non-negative.

The previous algorithm required images to be non-negative because it was based on a stat-

istical forward model that generates only non-negative images. We therefore need to modify the

forward model. In particular, the forward model will model the error as Gaussian noise. This

is consistent with the algorithms reviewed in Chapter 1, most of which also assume a Gaussian

noise model, either implicitly or explicitly.

The error model used by the previous algorithm can be viewed as an approximation to

Poisson noise. To distinguish the two algorithms, we’ll refer to the previous one as the Poisson

algorithm, and the new one as the Gaussian algorithm.

We will present the modified forward model, followed by the new initial model algorithm

based on it. The algorithm will be evaluated on simulated and experimental data.

89



5.1. Statistical forward model 90

5.1 Statistical forward model

Informally, the new forward model for generating an image is to rotate the electron density,

project it along the z-axis, translate it, and add Gaussian noise.

The model parameters for the new forward model are mostly the same as before. The electron

density is still represented by a mixture of Gaussians. One difference is that the mixture is not

normalised, i.e. the weights do not have to add up to 1. A second difference is that all the

weights are set to be equal to each other, i.e. there is only a single weight parameter λ. The

experiments with simulated data in Section 3.1.5 suggest that this restriction does not seriously

limit the ability of the model to represent electron densities accurately.

In addition to the weight λ, the other mixture model parameters are still the means µ for

each of the K components, and the component size (as the precision s). For computing the

projections, rotations R and translations t are used as before, one for each of the P images.

A new parameter is the variance (or precision β) of the Gaussian noise in each image. All

images are assumed to have noise with the same variance. The model parameters are denoted

by θ = {µ, λ, s, β,R, t}.
The data D consists of the P input images. The regular grid for the ith image is described

by its grid points xij ∈ R
2, where j goes from 1 to N , the total number of pixels. The data

D consists of all the values yij ∈ R, one for each grid point. Whereas before the yijs were

non-negative integers, they are now real values.

The forward model relating the data to the model parameters is:

p(D|θ) =
∏

ij

N (yij |ŷij , 1/β), (5.1)

where

ŷij = λ
∑

k

exp{−s

2
‖xij − (PoRiµk + ti)‖2}, (5.2)

Po =

[

1 0 0

0 1 0

]

. (5.3)

Note that the coefficient s
2π is missing from the Gaussian in Eqn. 5.2. This can be interpreted as

reparametrising the pair (λ, s) to absorb the coefficient into λ. It does not change the parameter

space of the model, but simplifies the computations.

Compared to the previous forward model, we no longer sample points from the probability

density, or compute histograms of the projected points. It follows that the electron density

does not need to be a probability density anymore. We are now free to use other functions to

represent the electron density. Nevertheless, many of the advantages of the isotropic Gaussian

mixture model are still valid here, such as how easy it is to compute projections, or its ability

to represent structures using only a few parameters.

The algorithm for estimating the model parameters will again be based on a Bayesian ap-

proach. In addition to the likelihood given in Eqn. 5.1, we therefore again need to define a prior
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over the parameters. The prior distibution factorises over all the parameters:

p(θ) = p(µ)p(λ)p(s)p(β)p(R)p(t). (5.4)

The priors on the means µ and rotations R are the same as before:

p(µ) =
K∏

k=1

p(µk) =
K∏

k=1

N (µk|0, r−1I) (5.5)

p(R) ∝ 1, (5.6)

and the prior on the noise precision β is a Gamma distribution:

p(β) = Gamma(β|aβ , bβ). (5.7)

For the component precision s (s = 1/σ2, where σ2 is the variance), the weight λ, and the

translations t, we use constant, improper priors. In other words:

p(s) = 1 (5.8)

p(λ) = 1 (5.9)

p(t) = 1. (5.10)

These functions do not have finite integrals, and are therefore not probability distributions.

But they can be used in computing the posterior, and lead to proper posterior distributions.

Formally they can be seen as limits of using the following priors (for s and t these are the same

as used in the Poisson model):

p(s) = Gamma(s|as, bs) ∝ sas−1e−bss (5.11)

p(λ) = Gamma(λ|aλ, bλ) (5.12)

p(t) =

P∏

i=1

p(ti) =

P∏

i=1

N (ti|0, r−1
t ). (5.13)

The limit is taken as as, aλ → 1, bs, bλ → 0 and rt → 0.

The use of improper priors is justified by the results from Section 3.1.5. There it was shown

for the Poisson model that the final results were robust to large-scale variations in the prior

hyperparameters. It is reasonable to assume that the same should apply to the algorithm in the

present chapter.

Using improper priors is not critical to the algorithm introduced below. Replacing them by

proper priors would require only minor changes.

5.2 Gibbs sampling algorithm

As before, we will use Gibbs sampling to generate samples from the posterior distribution p(θ|D).

The previous approach was to introduce missing data Z, and use Gibbs sampling to sample
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from the extended posterior p(θ,Z|D). Augmenting the parameters θ with Z ensures that the

conditional distributions all have a tractable form which can be sampled from.

The new approach will not use any missing data. As a result, most of the conditional

distributions do not have a simple form. We will use different techniques to sample from the

different conditional distributions.

Instead of the posterior p(θ|D), many of the techniques work with the negative log-posterior,

also known as the energy E(θ). Up to an additive constant the energy is defined as:

E(θ) = − log p(θ|D). (5.14)

From Bayes’ rule, it follows that, up to a constant:

E(θ) = − log p(D|θ)− log p(θ), (5.15)

where the negative log-likelihood follows from Eqn. 5.1:

− log p(D|θ) = −PN log β +
β

2

∑

ij

(yij − ŷij)
2 (5.16)

and the negative log-prior follows from Eqns. 5.5 to 5.7:

− log p(θ) =
r

2

K∑

k=1

µT
k µk −

aβ − 1

β
+ bβ . (5.17)

Sampling from some of the conditional distributions will require the gradients of E(θ) relative

to the parameters being sampled. The relevant gradients are given in Appendix D.

5.2.1 Means

The means µ are sampled using Hamiltonian Monte Carlo (HMC), also known as Hybrid Monte-

Carlo (Duane et al. 1987; Neal 2011). This is a general MCMC algorithm for sampling para-

meters θ from a distribution q(θ) by making use of the gradient of − log q(θ) relative to θ.

In our case, we would like to sample from the conditional distribution

p(µ|θ\µ,D), (5.18)

where θ\µ denotes all parameters excluding the means.

We consider µ as a vector of length 3K obtained by concatenating all the means. The

corresponding energy function follows from Eqn. 5.15 by removing terms which do not depend

on µ:

E(µ) =
β

2

∑

ij

(yij − ŷij)
2 +

r

2

∑

k

µT
k µk. (5.19)
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The gradient of the energy function is derived in Appendix D:

∂E

∂µk
= −βλs

∑

ij

vijk(yij − ŷij)R
T
i P

T
o [xij − (PoRiµk + ti)] + rµk. (5.20)

The gradient ∂E/∂µ is a vector of length 3K obtained by concatenating the gradients ∂E/∂µk

from Eqn. 5.20. The energy function along with the gradient forms the input to the HMC

algorithm.

Here we give an informal overview of HMC. For more information, see Bishop (2006) and

Neal (2011).

We follow the notation and example of Neal (2011). Let q denote the model parameters

instead of θ or µ, and let U(q) be the energy function. A simple example is that of a two-

dimensional puck (from ice-hockey) sliding across a frictionless surface of varying height. The

position of the puck, seen from above, is given by a two-dimensional vector q, and its momentum

(mass times velocity) is described by another two-dimensional vector p. The potential energy

U(q) of the puck is proportional to its height, i.e. U(q) describes the surface. The kinetic energy

K(p) is given by |p|2/(2m), where m is the mass of the puck. The total energy is given by the

Hamiltonian:

H(q, p) = U(q) +K(p). (5.21)

As the puck moves across the surface, potential energy and kinetic energy are exchanged, but

the value of the Hamiltonian stays the same.

Now suppose that U(q) is the energy corresponding to a probability density function, and

the current value of the model parameters is q0. To use HMC, we start by sampling an initial

value p0 for the momentum from a Gaussian distribution around zero. The dynamics of the

puck is then simulated for a certain predetermined time, after which it has reached position q1.

The movement is simulated using Hamilton’s equations of motion (from classical mechanics):

dqi
dt

=
∂H

∂pi
(5.22)

dqi
dt

= −∂H

∂qi
, (5.23)

where pi and qi are the components of the vectors p and q.

If the movement could be simulated exactly, the new position q1 would then be the next

sample in the Markov chain, and the procedure would be repeated with q1 as the new q0.

Intuitively, the puck will naturally move to regions with low potential energy, i.e. with high

probability. Every HMC update starts with a new velocity impulse in a random direction. This

could help the puck escape local minima in the potential energy function.

In practise, the movement is simulated by discretising the equations of motion. Without

going into detail, we only note that the important algorithmic parameters are the step size ǫ for
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the discretisation, and the number of discrete steps L from (q0, p0) to (q1, p1). Furthermore, the

proposed new position q1 is accepted with probability

min [1, exp(−H(q1, p1) +H(q0, p0))] . (5.24)

This is needed for detailed balance to hold, which is one of the requirements for a valid MCMC

algorithm.

We fixed L = 10 for our experiments. The value of ǫ is modified after every HMC step: if

the proposed position was accepted, ǫ is increased by 2%, while if the position was rejected, ǫ

is decreased by 2%. Once the Gibbs sampler has converged, ǫ can be fixed to obtain legitimate

samples. The initial value for epsilon was set to 0.1 for the means, and 0.01 for the rotations

below.

5.2.2 Rotations

Each rotation Ri is also sampled using the HMC algorithm from the previous section. To

apply the algorithm to the rotations, which live in SO(3), it is necessary to first choose a local

parameterisation of SO(3) using Cartesian coordinates. The energy with respect to the local

coordinates, together with its gradient, is the input to the HMC algorithm.

We use exponential coordinates to parametrise SO(3). Informally, this parametrisation as-

sociates with every v ∈ R
3 a rotation R(v) in the following way: Let v = θv, where v has norm

1, and θ ≥ 0. Then R(v) ∈ SO(3) is a rotation of θ radians about the axis v.

More formally, let so(3) be the Lie algebra corresponding to the Lie group SO(3). The Lie

algebra so(3) is represented using the 3 × 3 skew-symmetric matrices. For any vector a ∈ R
3,

let [a]× ∈ so(3) denote the following skew-symmetric matrix:

[a]× :=






0 −a3 a2

a3 0 −a1

−a2 a1 0




 . (5.25)

The exponential map from so(3) to SO(3) is given by the Euler-Rodrigues formula (Gallego and

Yezzi 2014):

R = Id+ sin θ[v]× + (1− cos θ)[v×]
2. (5.26)

The exponential coordinates described above are given by the map taking v to R(v) = exp([v]×),

where exp denotes the matrix exponential.

In addition to the function from v to R(v), we need the gradient of the function (see Gallego

and Yezzi (2014) for the derivation):

∂R

∂vi
=

vi[v]× + [v × (Id−R)ei]×
‖v‖2 R. (5.27)
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To use the HMC algorithm, we need the energy E(v) as a function of the exponential

coordinates, and its gradient ∂E/∂v. Appendix D derives the energy E(R) as a function of the

rotation, and its gradient:

E(Ri) =
β

2

∑

j

(yij − ŷij)
2 (5.28)

∂E

∂Ri
= −βλs

∑

jk

vijk(yij − ŷij)[xij − (PoRiµk + ti)]µ
T
k . (5.29)

The energy E(v) is found by composing the function R(v) with E(Ri), and its gradient follows

from applying the chain rule to Eqns. 5.27 and 5.29.

When using exponential coordinates, all rotations can be represented by vectors ‖v‖ ≤ π.

Gallego and Yezzi (2014) argue that v should be kept inside this sphere, preferably close to the

origin. To achieve this, they recommend redefining the exponential coordinates to be relative to

a reference rotation R0: R(v) = exp([v]×)R0. In our case, R0 is defined as the initial rotation at

the beginning of every HMC trajectory. The HMC steps along the trajectory then use the same

parametrisation R(v) relative to R0. As long as each rotation does not undergo a large change

during a single HMC sampling step, v will stay close to the origin.

For sampling the rotations, the HMC algorithm uses the same values for the parameters L

and ǫ as used for the means. The initial value for ǫ is 0.01 instead of 0.1.

5.2.3 Weight and component size

The weight λ and component precision s are sampled from the conditional distribution

p(λ, s|θ\λ,s,D), (5.30)

to be denoted q(λ, s) in this section. Our strategy is to sample s from the marginal q(s), and

then sample λ from the conditional q(λ|s). The marginal is given by

q(s) =

∫

R

q(λ, s)dλ. (5.31)

The energy function of the joint distribution q(λ, s) is given (up to a constant) by:

E(λ, s) = − log q(λ, s) (5.32)

=
β

2

∑

ij

(yij − λỹij)
2, (5.33)

where

ỹij =
∑

k

exp
{

−s

2
‖xij − (PoRiµk + ti)‖2

}

. (5.34)
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The energy function E(λ, s) is quadratic in λ, i.e. q(λ, s) is proportional to a Gaussian, seen

as a function of λ. By integrating out λ, we obtain the energy function corresponding to the

conditional (up to a constant, see Appendix D for the derivation):

Ẽ(s) = − log q(s) (5.35)

=
1

2
log




β

2

∑

ij

ỹ2ij



− β

2






(
∑

ij yij ỹij

)2

∑

ij ỹ
2
ij

−
∑

ij

y2ij




 . (5.36)

To sample s from Ẽ(s), we use the Metropolis-Hastings algorithm. This is a simple MCMC

method where, given the current value sn, a new proposal s′ is sampled from a Gaussian distri-

bution N (s|sn, σ2
s). The new value sn+1 is given by:

sn+1 =







s′ if t < exp
{

−(Ẽ(s′)− Ẽ(sn))
}

sn otherwise,
(5.37)

where t is sampled from the uniform distribution on the unit interval.

The initial value s0 is specified by the user (we used s0 = 10 for the experiments in this

chapter). The scale parameter σs is modified in the same way as ǫ in the previous section. I.e.,

if the proposal was accepted, it is increased by 2%, otherwise decreased by 2%. The initial value

for σs was 0.0001.

To generate a single sample from q(s), we repeat the above Metropolis-Hastings step 5 times,

and use the final sample.

The next step is to sample λ from q(λ|s). In Appendix D we show that the conditional

distribution is Gaussian:

q(λ|s) = N (λ|µλ, s
−1
λ ), (5.38)

with mean and precision given by:

µλ =

∑

ij yij ỹij
∑

ij ỹ
2
ij

(5.39)

sλ = β
∑

ij

ỹ2ij . (5.40)

The weight λ can therefore be sampled directly.

Instead of interpreting the weight as a scaling factor applied to the three-dimensional mixture

model, we can view it as a scale applied to each projection of the mixture. Instead of using the

same scale for all the image, we could introduce multiple weights λi, one for each image.

This modification to the model would be appropriate if different input images have differ-

ent scaling factors. The above algorithm could still be used, after small modifications. The

computational cost should be very similar.

Note that the energy function in Ẽ(s) from Eqn 5.36 can also be written as
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Ẽ(s) =
1

2
log




β

2

∑

ij

ỹ2ij



+
β

2

∑

ij

y2ij(1− ρ2) (5.41)

ρ2 =
(
∑

ij yij ỹij)
2

∑

ij ỹ
2
ij

∑

ij y
2
ij

, (5.42)

where ρ is the cross-correlation between the observed and predicted images. Minimising the

second term of Ẽ(s) in s is therefore equivalent to maximising the cross-correlation. Note the

similarity to the algorithms reviewed in the Introduction (Section 1.4.5, Eqn 1.9), which also

maximise the cross-correlation.

5.2.4 Translations

As with the Poisson model, the posterior distribution over the translations factorises over the

projection directions:

p(t|θ\t,D) =
∏

i

p(ti|θ\t,D). (5.43)

For each ti, the energy of its posterior is given (up to a constant) by:

E(ti) = − log p(ti|θ\t,D) (5.44)

=
β

2

∑

j

(yij − ŷij)
2. (5.45)

We again use the Metropolis-Hastings algorithm described above to sample ti. The initial

value for the scale parameter σt was set to 0.1 for the experiments in this chapter.

5.2.5 Noise precision

The noise precision β can be sampled directly from its conditional distribution:

p(β|θ\β ,D) = Gamma(β|ãβ , b̃β), (5.46)

where

ãβ = PN + aβ (5.47)

b̃β =
1

2

∑

ij

(yij − ŷij)
2 + bβ , (5.48)

and aβ and bβ are the parameters of the Gamma prior on the noise precision.

As with the weight λ, it would also be possible to use multiple β values, one βi for every

image. This would be appropriate if the noise level varies appreciably between different images.

The equations are very similar to the above, and the computation cost should be similar.
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5.3 Experiments

The model and algorithm introduced in this chapter were tested on simulated and real data.

As with the algorithm based on the Poisson model, we again divided the algorithm into

an initial stage and a refinement stage. During the initial stage, the images were again down-

sampled to 32×32, and 100 components were used. During the refinement stage, the images were

downsampled to 50×50, and 500 components were used. The reported result of the algorithm

was once again the posterior mean.

5.3.1 Pol II example

The first example is with a simulated Pol II dataset. The 25 class averages were generated as

in Section 3.2, by converting an atomic model to a density map, and projecting it in random

directions. The images were of size 50×50, with a pixel size of 4 Å. An extra step was to add

i.i.d. Gaussian noise to the projected images. The variance of the noise was selected to obtain a

signal-to-noise ratio (SNR) of 10, where the SNR was defined as the ratio of the signal variance

to the noise variance.

Fig. 5.1 shows the results of applying the Gaussian noise algorithm to the data. All four

initial stage runs converged to roughly the same log-posterior value (Fig. 5.1B), and estimated

all the rotations correctly.

The result of the algorithm (the posterior mean) agrees well with the reference model at

20 Å, to a resolution of 14.1 Å at FSC=0.5 (Fig. 5.1D).

The algorithm took 37 minutes for the initial stage, and 21 minutes for the refinement stage,

i.e. less than an hour in total.

5.3.2 APC/C example

The algorithm was tested on the same APC dataset from Section 4.2.3. We used the original

61 class averages, without any deconvolution or masking applied. The images were centered as

in Chapter 4: a transformation was applied to each image to move the center of mass to the

middle of the image.

Fig. 5.2 shows the results using the centered class averages. Out of the eight separate runs

of the initial stage, three estimated all the rotations correctly (Fig. 5.2A). The refinement stage

converges quickly (Fig. 5.2B).

The posterior mean looks similar to the reference (Fig. 5.2F ), but is somewhat smaller. Due

to the difference in size, the two structures agree only to a resolution of 51.5 Å at FSC=0.5, as

also seen from the FSC curve (Fig. 5.2C ).

Comparing the input images to the projections of the final density map (Fig. 5.2D and E ),

suggests that the final density map is smaller due to the effect of the CTF on the data combined

with the positivity constraint in the model. The CTF causes a ring of negative values around
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Figure 5.1: Results of the Gaussian noise algorithm for Pol II, using simulated data. (A) The

first two rows show steps from the initial stage, the next row shows models from the posterior

distribution obtained during the refinement stage. At the bottom the posterior mean is compared

to the reference model at 20 Å. (B) Four different models are inferred during the initial stage, all

of which attain roughly the same log-posterior value. (C ) The log-posterior converges quickly.

(D) The FSC curve between the posterior mean and the reference shows that they agree to a

resolution of 14.1 Å at FSC=0.5. (E ) Five of the input images to the initial stage (left) are

compared to the corresponding projections of the final model of the initial stage (right). (F )

The same comparison is done for the refinement stage.
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Figure 5.2: Results for APC, using the original class averages, without deconvolution. (A) Eight

different models are inferred during the initial stage; the one with the highest log-posterior is

used for the refinement stage. (B) The log-posterior converges during the refinement stage. (C )

The FSC curve between the result and the reference structures in F shows that the two densities

agree to a resolution of 51.5 Å at FSC=0.5. (D) Six of the input images (top) are compared

to the corresponding six projections of the final model of the initial stage (bottom). (E ) The

same comparison between input images and projections of the final model is also done for the

refinement stage. (F ) The final result is compared to the reference model.
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each particle image, which the estimated density map tries to avoid. If negative values were

allowed, it would be possible to match the input images more accurately.

The running time for the algorithm was 90 minutes for the initial stage, and 70 minutes for

the refinement, i.e. about 2.5 hours in total.

Better results are obtained if we use the same deconvolved images used in Section 4.2.3.

Fig. 5.3 shows the results using the 61 deconvolved images. In this case, four of the eight runs

estimated all the rotations correctly (Fig. 5.3A). The final structure (Fig. 5.3F ) agrees with

the reference to a resolution of 28.9 Å at FSC=0.5, (Fig. 5.3C shows the FSC curve). This is

a somewhat lower resolution than the value of 24.8 Å obtained with the Poisson algorithm in

Section 4.2.3.

The projections of the final density map agree well with the input images (Fig. 5.3D and

E ).

The algorithm takes signifantly longer using the deconvolved images than with the original

class averages: the initial stage takes about 3 hours 45 minutes, and the refinement stage takes

about 70 minutes, i.e. almost 5 hours in total. The reason for this is that the component size

is larger when using the deconvolved images, hence evaluating each projection requires more

evaluations of the exponential function than with smaller components (see Section 3.5.1).

5.3.3 70S ribsome example

For the second example with real data we used the same deconvolved images used in Section

4.2.1 for the 70S ribosome.

As shown in Figure 5.4, the algorithm obtains a result very similar to the one obtained in

Section 4.2.1 by the Poisson algorithm. However, it takes significantly longer. The initial stage

took 17 hours, and the refinement stage took 1 hour. Furthermore, only one of the eight runs of

the algorithm estimated all the rotations correctly. The corresponding stages with the Poisson

algorithm took less than one hour in total.

5.4 Comparison between two algorithms

Using the experimental results obtained above, we can now compare the Gaussian algorithm

introduced in this chapter with the Poisson algorithm from earlier in the thesis.

The main difference between the two algorithms is the noise model: the Gaussian algorithm

assumes i.i.d Gaussian noise, while the Poisson algorithm is based on an approximation to

Poisson noise. One implication is that the non-negativity restriction on the images does not

apply to the Gaussian algorithm, only to the Poisson algorithm. This means that the algorithm

can be applied directly to class averages obtained by any algorithm; it is not necessary to

completely remove the effect of the CTF.

Nevertheless, the APC example (Section 5.3.2) shows that using the original class averages

leads to inferior results. This appears to be due to the implied positivity constraint: there is
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Figure 5.3: Results for APC, using deconvolved class averages. The subplots are analogous to

Fig. 5.2.

a single weight λ for all the components, hence the entire density must be either positive or

negative. The solution is not to remove the positivity constraint, but rather to improve the

forward model. In particular, the next step would be to include the CTF in the forward model.

A major advantage of the Gaussian algorithm is its flexibility. The noise model can be

modified to account for coloured noise, for instance. Or the effect of the CTF can be added

to the forward model. These modifications would slow down the algorithm, but the required

changes to the equations are straight-forward.

Another example of flexibility is that the Gaussian algorithm does not depend on the use

of Gaussian components to model the density. The Gaussian functions could be replaced by

other blob-like structures, as long as it is possible to compute their projections analytically. An

example would be to use the blobs from Marabini et al. (1998).

The Gaussian algorithm is even more flexible than the Poisson algorithm when it comes to

incorporating prior information. For instance, in both cases the positions of the components

can be constrained, for example to satisfy symmetry constraints or to fix a known subunit. But

in the Gaussian case, we could introduce attractive and repulsive forces between components,

or require them to lie along a flexible chain to trace a protein backbone. Such modifications are
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Figure 5.4: Results for 70S ribosome, using deconvolved class averages. The subplots are ana-

logous to Figs. 5.2 and 5.3. (C ) The FSC curve for the current result (Gaussian) is slightly

better than the previous result (Poisson). It shows that the result agrees with the PRIME

reconstruction to a resolution of 29.0 Å at FSC=0.5. (F ) The current result (on the right) looks

similar to the previous result (in the middle), and both are similar to the result obtained using

the PRIME algorithm (on the left).

not possible with the Poisson algorithm.

Unfortunately, our current implementation of the Gaussian algorithm is much slower than

the Poisson algorithm: for the same 70S ribosome dataset, the Poisson algorithm needed less

than an hour for the initial and refinement stages, while the Gaussian algorithm needed around

18 hours.

One reason for the difference is that it is not possible to use the fast approximation to the

exponential function (Section 3.5) in the Gaussian algorithm: it is not accurate enough for HMC,

which makes up the bulk of the computation.

Another reason is that in the examples with real data, the Gaussian algorithm required more

Gibbs sampling steps to converge than the Poisson algorithm.

One advantage of the Gaussian model is that it is easy to anneal the energy function, i.e. to

vary the temperature. This could be used in simulated annealing or replica exchange approaches,
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which are typically more robust. When annealing the Poisson model by varying the temperature,

it is no longer possible to use the Poisson algorithm that we presented.

For the Gaussian algorithm it is not necessary to discretise the image data. The count

parameter N0 that had to be specified for the Poisson case is no longer needed.

Although we presented the model with a single weight, it would be possible to have a sep-

arate scale parameter for every image. The noise level could also be estimated for every image

individually. This would allow the model to accommodate images with different noise levels,

and different scales. It’s not clear how to do this with the Poisson approach.

To summarise, although our results show that the Gaussian algorithm is slower than and

produces equivalent or inferior results to the Poisson algorithm, its greater flexibility makes it

the more promising of the two approaches.



Chapter 6

Conclusions

6.1 Summary

In this thesis, we introduced new algorithms for estimating electron densities from cryo-EM

particle images. The algorithms represent the electron densities in a way that is very different

from the representations used by other initial model algorithms and reconstruction algorithms.

We will summarise the contributions of the thesis by focusing on these two aspects: the model

for the electron densities, and the algorithms used to estimate the model parameters.

The electron densities are represented using a Gaussian mixture model, under the restriction

that all components should have the same isotropic covariance matrix (i.e. all components

must be spherical and of the same size). Other algorithms use a regular grid with voxels (most

algorithms) or blobs (Marabini et al. 1998) fixed at the grid points. In contrast, the Gaussian

components can be moved around freely by adjusting the coordinates of their means.

We showed that by allowing the positions and size of the components to change, the mixture

model representation needs far fewer components to be able to represent an electron density at

the resolutions typically used for initial models. As a result, the number of model parameters

is greatly reduced, leading to faster and more robust algorithms.

The mixture model representation was shown to have several other benefits, such as making it

simpler to compute two-dimensional projections, which are themselves Gaussian mixture models.

It also made it possible to use the EM and Gibbs sampling algorithms often used with Gaussian

mixture models as a starting point for deriving our first reconstruction algorithm. Another

benefit is allowing symmetry constraints to be imposed on the mixture model by making minor

adjustments to the algorithm (Section 4.2.2).

We introduced two algorithms for estimating the mixture model parameters, based on dif-

ferent models of how the data is generated. The first algorithm, to which the bulk of the thesis

is devoted, assumes that the observed images are histograms of projected points sampled from

the mixture model. We argued in Section 2.3 that this is an approximation to evaluating the

projected mixture model on the image grid, and adding Poisson noise.
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The second algorithm assumes that the images are obtained by evaluating the projected

mixture model, and adding Gaussian noise.

The difference between Poisson and Gaussian noise has implications for the images that can

be used as input to the corresponding algorithms. In the Poisson case, the images have to

be non-negative. This is because images generated under this forward model are always non-

negative. In contrast, images generated with Gaussian noise can assume negative values as well.

Therefore, any class averages can be used as input to the Gaussian noise based algorithm.

To ensure that the input images to the Poisson algorithm are non-negative, we introduced

a deconvolution algorithm that can be combined with an existing class averaging algorithm to

fully correct for the CTF. Note that when using the class averaging algorithm of RELION, it is

possible to do full CTF correction. In this case our deconvolution algorithm is not needed.

We showed that either algorithm can be used to infer initial models. They were applied

both to simulated data, and real data. In addition, we investigated many aspects of the Poisson

algorithm in detail in Chapter 3. The Poisson algorithm was also compared to other algorithms

(Elmlund et al. 2013; Jaitly et al. 2010) in Chapter 4, and shown to produce either equivalent

or better results.

One of its main advantages is that it is several orders of magnitude faster than many compet-

ing algorithms. Initial model and reconstruction algorithms using a Bayesian approach tend to

be particularly slow. Our Poisson algorithm shows that it is possible to use a Bayesian approach

to this problem without being slow. One reason for the speed improvement is that while other

Bayesian approaches integrate out the rotations by using a grid covering the entire space of ro-

tations, our approach automatically considers only a small set of rotations which are integrated

out using Gibbs sampling.

The Gaussian algorithm was compared to the Poisson algorithm in Chapter 5, and found

to be somewhat slower. It also produces inferior results on images that have not been fully

CTF corrected. This is probably due to its restriction to positive densities. Other algorithms

usually do not impose any positivity constraint on the reconstructed density, which allows its

projections to better match the input images. Although the Gaussian algorithm is not as fast as

the Poisson algorithm, and produces equivalent or inferior results, its greater flexibility makes

it the more promising of the two approaches. See Section 5.4 for a discussion of the differences

between the two algorithms.

In addition to the reduced computational complexity, another advantage of both algorithms is

robustness through reducing the model complexity. Fewer parameters means that we reduce the

number of possible three-dimensional structures that can be represented using our model. During

the initial stage of the algorithm where there are only a few large components, it is not possible

to represent high-frequency information. Because we are interested in a low-resolution model,

this excludes a large number of undesired models from the search space, thereby simplifying the

problem and making the algorithm more robust. Some other reconstruction algorithms (both

ab initio (Elmlund et al. 2013) and refinement (Scheres and Chen 2012)) apply a low-pass filter
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to the current volume at every iteration to achieve a similar effect. However in our case this is

a property of the model itself.

Both our algorithms use a Bayesian approach. In each case, a well-defined statistical forward

model is combined with a prior distribution to obtain a posterior distribution over the model

parameters. Samples are then drawn from the posterior distribution using MCMC algorithms,

and used to estimate the model parameters. We showed in Section 3.1.5 that the posterior is

quite robust to variations in the hyperparameters of the prior.

As explained in Chapter 1, an important advantage of this approach is separating the model

parameters (that influence the posterior) from the algorithmic parameters (that have no influence

over the posterior distribution itself). Other algorithms often conflate these parameters, and

thereby become susceptible to user bias by tweaking parameters.

A common way of representing the results obtained by a Bayesian approach is to estimate

the posterior mean and variance. We estimated the mean by evaluating samples (i.e. mix-

ture models) from the posterior on a regular grid, and computing their mean. We showed

that this estimate gives better results than when using just a single sample from the posterior

(Section 3.2.2).

We also estimated the standard deviation of the posterior about its mean, but for our ex-

amples this did not provide meaningful insight. However, for other parameters such as the

rotations (Fig. 4.11) and the component size, considering multiple samples from the posterior

does give an idea of the precision of the mean estimate.

The initial model problem is non-convex, and as with all other initial model algorithms, we

cannot guarantee that our algorithm will always find a good solution. In our case, the Gibbs

sampler can sometimes take very long to converge to the region of highest posterior probability.

A common approach used by initial model algorithms to alleviate this problem is to repeat the

algorithm with many different starting models. However for many algorithms it is difficult to

rank the resulting models. The advantage of our approach is that we can compare the models

using their log-posterior value, and select the model with the highest log-posterior. We validated

this approach for simulated examples where we know the true rotations. In all cases we found

that if all rotations were estimated correctly, the resulting log-posterior was higher than if

one or more rotations were incorrect. The log-posterior is therefore a very reliable measure of

comparison for ranking models.

In addition to the initial model inference algorithms, we also obtained algorithms for fitting

mixture models directly to three-dimensional electron densities. For the Poisson case this was

shown in Section 3.1, but it can be done assuming Gaussian noise as well. Such an algorithm is

useful in many applications independently of reconstruction algorithms (Section 2.1.3).



6.2. Future work 108

6.2 Future work

We will first consider possible improvements to the models, and then to the algorithms. Finally

we discuss how to modify the model and algorithms to solve related problems.

The number of components is a model parameter that must be specified in advance. We

developed guidelines for choosing the number of components in Section 3.1.3, and the algorithm

is fast enough to try out different values. But another approach would be to estimate the number

of components automatically. One way that this could be done is by using the infinite Gaussian

mixture model (Rasmussen 1999).

Currently we use Gaussians as mixture components. This is essential for the Poisson al-

gorithm, but for the Gaussian algorithm we could replace the Gaussian component by another

blob-like structure. The motivation would be to speed up the algorithm by not having to eval-

uate the computationally expensive exponential function. One possible example would be the

rotationally symmetric basis function used by the Xmipp software package (Sorzano et al. 2004).

Evaluating its two-dimensional projections requires only multiplications, addition and taking the

square root.

There are several other improvements which only apply to the Gaussian model. One example

was mentioned at the end of Section 5.4: instead of having a single scale parameter (the weight λ)

for all images, we could have a separate scale parameter for every image. Similarly, instead of

a single noise level for all images, each image could have its own noise level. This would require

only minor changes to the algorithm, and should have no effect on the computation time.

The CTF could be made part of the forward model in the Gaussian case. This would be

necessary to obtain better results from images that have not been fully CTF corrected (see

results in Section 5.3.2). This would increase the computation time. The simplest approach

would be to evaluate the PSF on a small grid with the same grid spacing as the image grid, and

compute the convolution in the real domain.

Another modification to the Gaussian case is to change the noise model, for example by

introducing local correlations between neighbouring pixels. This would also increase the com-

putation time, and might not have a significant effect on the results at the low resolutions used

for initial models.

A natural way to improve the algorithms would be to add some form of annealing, such as

simulated annealing or replica exchange. For the Poisson model it is not clear how to introduce

a temperature parameter, because the standard approach of scaling the log-posterior is compu-

tationally intractable in this case. There are different alternatives, but extensive experiments

led us to conclude that none of them work. For the Gaussian model the standard approach is

easy to implement. Replica exchange would be computationally intensive, but would probably

make the algorithm more robust.

Each sampler currently runs only on a single core, even though different samplers may run in

parallel. Many of the sampling steps consist of independent computations performed for every

image, and could be parallelised. This would allow the algorithm to run on a cluster, and should
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be much faster. If replica exchange is used, another way of parallelising the algorithm would be

to run different replicas on separate cores.

After computing an initial model, the next step is usually to refine the initial model using

the individual particle images instead of the class averages. One research direction would be

to modify our approach to be used as a refinement algorithm for computing a high-resolution

structure. There would be more components, and more images, which would make a parallel

implementation essential. The CTF would also have to be included in the forward model. To

include the CTF and use the individual particle images, the Gaussian noise model would be

more suited than the Poisson noise model.

An algorithm that can compute high resolution structures could be used with random conical

tilt (RCT) data. The experiments from Section 3.2.5 suggest that the Poisson algorithm reduces

the artifacts caused by the missing cone.

Our algorithms used only cryo-EM data to estimate the electron density. In many cases

additional information about the structure is available. This could be cross-linking/mass-

spectrometry data, crystallography data, or knowledge about some subunits. The Bayesian

framework makes it possible to combine different sources of information. A research direction

could be to extend our approach to use some of these additional sources of data.

Another direction of research would be to take conformational heterogeneity into account.

The algorithm would then produce multiple structures instead of only a single one. The simplest

approach would be to assume that the structures are independent, as done by ML3D (Scheres

et al. 2007). But it would also be possible to model the relations between different conformations

as constraints that should be satisfied by the model parameters.

In conclusion, this is a promising direction of research, with many possibilities for future

work.
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Appendix A

The EM algorithm for an isotropic

Gaussian mixture model

The expectation maximisation (EM) algorithm was introduced in Section 2.2.2 to fit an isotropic

Gaussian mixture model to a point cloud. This appendix provides a detailed derivation of the

algorithm.

The data D, model parameters θ, prior distribution p(θ) and forward model p(D|θ) are as

described in Section 2.2.1.

The goal of the EM algorithm is to find a local maximum of the posterior distribution p(θ|D),

which is equivalent to finding a local maximum of

l(θ) = log p(D|θ) + log p(θ). (A.1)

The algorithm is initialised with an estimate of the model parameters θ0. It then proceeds

iteratively to produce a sequence of estimates θ1, θ2, . . . such that l(θn+1) ≥ l(θn), with equality

only if ∇θn l = ∇θn+1
l.

The idea behind the algorithm is to define a lower bound that depends on the current

estimate of the model parameters:

Q(θ; θn) ≤ l(θ). (A.2)

And then to obtain the next estimate by maximising the lower bound:

θn+1 := argmax
θ

Q(θ; θn). (A.3)

Whereas maximising l(θ) directly is infeasible, the maximum of the lower bound Q(θ; θn)

can be obtained analytically.

The first step is to expand l(θ). The log-likelihood term in Eqn. A.1 was given in Eqn. 2.32:

log p(D|θ) =
N∑

i=1

log

K∑

k=1

wkN (xi|µk, s
−1I), (A.4)
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while the log-prior term follows from Eqns. 2.22, 2.23 and 2.24:

log p(θ) = log p(µ|s) + log p(s) + log p(w) (A.5)

=
dK

2
log s− rs

2

∑

k

‖µk‖2

+ (a− 1) log s− bs

+ (α0 − 1)
K∑

k=1

logwk + cprior. (A.6)

In Eqn. A.6, the terms that are independent of θ are collectively denoted by cprior.

To define the lower bound, let θ̃ = θn be the current estimate of the model parameters. Then

define the assignment parameters

rik :=
w̃kN (xi|µ̃k, s̃

−1I)
∑K

l=1 w̃lN (xi|µ̃l, s̃−1I)
. (A.7)

First obtain a lower bound on the likelihood (Eqn. A.4) by noting that
∑K

k=1 rik = 1 and using

Jensen’s inequality:

log p(D|θ) =
N∑

i=1

log

K∑

k=1

wkN (xi|µk, s
−1I) (A.8)

=
N∑

i=1

log
K∑

k=1

rik
wkN (xi|µk, s

−1I)

rik
(A.9)

≥
N∑

i=1

K∑

k=1

rik log
wkN (xi|µk, s

−1I)

rik
(A.10)

=

N∑

i=1

K∑

k=1

rik logwkN (xi|µk, s
−1I) + clikelihood. (A.11)

As before, clikelihood denotes the terms that are independent of θ.

Then add the log-prior to obtain the desired lower bound:

Q(θ; θ̃) =
dK

2
log s− rs

2

K∑

k=1

‖µk‖2 + (a− 1) log s− bs

+ (α0 − 1)

K∑

k=1

logwk +

K∑

k=1

Nk logwk +
dN

2
log s− s

2

N∑

i=1

K∑

k=1

rik‖xi − µk‖2

+ cprior + clikelihood. (A.12)

The bound is tight at θ = θ̃, i.e. l(θ̃) = Q(θ̃; θ̃). This can be seen by substituting w̃k, µ̃k

and s̃ for wk, µk and s in Eqns. A.9 and A.10, and noting that the ≥ sign becomes an = sign

in this case.
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The final step is to derive the next estimates of the parameters θ̂ = θn+1 by setting the

gradients of the lower bound Q(θ; θ̃) to 0 and solving for θ to obtain

θ̂ = argmax
θ

Q(θ; θ̃). (A.13)

First the precision:

∇sQ(θ; θ̃) =
1

s

(
d(K +N)

2
+ a− 1

)

− r

2

K∑

k=1

‖µk‖2 − b− 1

2

N∑

i=1

K∑

k=1

rik‖xi − µk‖2 = 0 (A.14)

=⇒ ŝ =
(N +K)d+ 2(a− 1)

∑N
i=1

∑K
k=1 rik‖xi − µk‖2 + r

∑K
k=1 ‖µk‖2 + 2b

. (A.15)

For the weights, the constraint
∑K

k=1wk = 1 is enforced by using a Lagrange multiplier:

Q′(w) =
N∑

k=1

(Nk + α0 − 1) logwk + λ

(
K∑

k=1

wk − 1

)

(A.16)

∂Q′

∂wk
=

Nk + α0 − 1

wk
+ λ = 0 (A.17)

=⇒ wk =
Nk + α0 − 1

−λ
(A.18)

K∑

k=1

wk = 1 (A.19)

=⇒ λ = −(N +K(α0 − 1)) (A.20)

=⇒ ŵk =
Nk + α0 − 1

N +K(α0 − 1)
. (A.21)

Finally, the means:

∇µk
Q(θ; θ̃) = −rsµk − s

N∑

i=1

rik(µk − xi) = 0 (A.22)

=⇒ µ̂k =
1

Nk + r

N∑

i=1

rikxi. (A.23)

The update equations for ŝ, ŵk and µ̂k are the same as in Eqns. 2.34, 2.38 and 2.39.

The EM algorithm thus consists of two steps: the E-step and the M-step. During the E-step,

the lower bound is constructed, which involves the computation of the assignment parameters.

During the M-step, the lower bound is optimised.
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Appendix B

The Gibbs sampling algorithm for an

isotropic Gaussian mixture model

The Gibbs sampling algorithm was introduced in Section 2.2.3 to sample the parameters of a

Gaussian mixture model from the posterior distribution p(θ|D) given a point cloud as data.

Below is a detailed derivation of the conditional distributions of the Gibbs sampler.

The data D, model parameters θ, prior distribution p(θ) and forward model p(D|θ) are as

described in Section 2.2.1. The extended likelihood was derived in that section (Eqn. 2.16):

p(D,Z|θ) =
N∏

i=1

K∏

k=1

[
wkN (xi|µk, s

−1I)
]zik . (B.1)

Gibbs sampling is used to sample from the full posterior:

p(θ,Z|D) ∝ p(D,Z|θ)p(θ). (B.2)

The conditional distribution for each parameter is derived by using the above expression, re-

moving terms that do not depend on the parameter, and simplifying. In each case, the result is

a well-known distribution.

The first step is to sample the component assignments, z:

p(z|µ, s, w,D) ∝ p(D,Z|θ)p(θ) (B.3)

∝ p(D,Z|θ) (B.4)

=
N∏

i=1

K∏

k=1

[
wkN (xi|µk, s

−1I)
]zik (B.5)

p(z|µ, s, w,D) =
N∏

i=1

p(zi|µ, s, w,D) (B.6)
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where

p(zi|µ, s, w,D) ∝
K∏

k=1

[
wkN (xi|µk, s

−1)
]zik (B.7)

p(zi|µ, s, w,D) =

∏K
k=1

[
wkN (xi|µk, s

−1)
]zik

∑K
k=1wkN (xi|µk, s−1)

(B.8)

=
K∏

k=1

rzikik (B.9)

where as in Eqn. 2.35, rik is defined as

rik =
wkN (xi|µk, s

−1I)
∑

l wlN (xi|µl, s−1I)
. (B.10)

The next step is the conditional distribution on the means:

p(µ|s, w, z,D) ∝ p(D,Z|θ)p(θ) (B.11)

∝ p(D,Z|θ)p(µ|s) (B.12)

∝
N∏

i=1

K∏

k=1

N (xi|µk, s
−1I)zik ·

K∏

k=1

N (µk|0, r−1s−1I) (B.13)

=
K∏

k=1

[
N∏

i=1

N (xi|µk, s
−1I)zik · N (µk|0, r−1s−1I)

]

(B.14)

p(µ|s, w, z,D) =
K∏

k=1

p(µk|s, w, z,D) (B.15)

where

p(µk|s, w, z,D) = p(µk|s, w, z,D) (B.16)

∝
[

N∏

i=1

N (µk|xi, (ziks)−1I)

]

N (µk|0, r−1s−1I). (B.17)

By convention, if zik = 0, the entire Gaussian term of the product in Eqn. B.17 is a constant.

The product of two Gaussians is proportional to another Gaussian, with its natural para-

meters (Σ−1 and Σ−1µ) being the sum of the natural parameters of the two Gaussians. This can

be used to first simplify the product in Eqn. B.17, and then multiply the final two Gaussians.

N∏

i=1

N (µk|xi, (ziks)−1I) ∝ N (µk|µ̃, s̃−1I), (B.18)
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where

s̃ =
N∑

i=1

ziks = Nks (B.19)

s̃µ̃ =

N∑

i=1

ziksxi = s

N∑

i=1

zikxi (B.20)

µ̃ =

∑N
i=1 zikxi
Nk

(B.21)

and

N (µk|µ̃, s̃−1I)N (µk|0, r−1s−1I) ∝ N (µk|µ̂, ŝ−1I), (B.22)

where

ŝ = Nks+ rs (B.23)

ŝµ̂ = Nks

∑N
i=1 zikxi
Nk

(B.24)

µ̂ =

∑N
i=1 zikxi
Nk + r

(B.25)

Thus

p(µk|s, w, z,D) = N
(

µk

∣
∣
∣

∑N
i=1 zikxi
Nk + r

,
1

s(Nk + r)
I

)

, (B.26)

as in Eqn. 2.47.

The precision is next:

p(s|µ,w, z,D) ∝ p(D,Z|θ)p(θ) (B.27)

∝ p(D,Z|θ)p(s)p(µ|s) (B.28)

∝
N∏

i=1

K∏

k=1

N (xi|µk, s
−1I)zik · sa−1e−bs ·

K∏

k=1

N (µk|0, r−1s−1I). (B.29)
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Taking the logarithm on both sides, and ignoring additive constants independent of the precision:

log p(s|µ,w, z,D) =
N∑

i=1

K∑

k=1

zik log

[( s

2π

)d/2
exp

(−s

2
‖xi − µk‖2

)]

+ (a− 1) log s− bs

+

K∑

k=1

log sd/2 −
K∑

k=1

rs

2
‖µk‖2 (B.30)

=
dN

2
log s− s

2

N∑

i=1

K∑

k=1

zik‖xi − µk‖2 + (a− 1) log s− bs

+
dK

2
log s− sr

K∑

k=1

‖µk‖2 (B.31)

=

[
d(N +K)

2
+ a− 1

]

log s−
[

1

2

N∑

i=1

K∑

k=1

zik‖xi − µk‖2 + b− r
K∑

k=1

‖µk‖2
]

s

(B.32)

= (ã− 1) log s− b̃s. (B.33)

This implies that

p(s|µ,w, z,D) = Gamma(s|ã, b̃) (B.34)

where

2ã = 2a+ (N +K)d (B.35)

2b̃ = 2b+
N∑

i=1

K∑

k=1

zik‖xi − µk‖2 + r

K∑

k=1

‖µk‖2 (B.36)

as given by Eqn. 2.48.

Finally, the conditional for the weights:

p(w|µ, s, z,D) ∝ p(D,Z|θ)p(w) (B.37)

∝
N∏

i=1

K∏

k=1

wzik
k

K∏

k=1

wα0−1
k (B.38)

=
K∏

k=1

wNk+α0−1
k . (B.39)

The above derivation of the conditional distributions was done with the standard conjugate

prior on the means that depends on the precision:

p(µ|s) = N (µk|0, r−1s−1I). (B.40)

An alternative prior which is used for the final algorithm is to remove the dependency on the

precision:

p(µ) = N (µk|0, r−1I). (B.41)
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The advantage is that it is easier to interpret the hyperparameter r. Using the alternative prior

for the Gibbs sampler requires only small changes in the conditionals for the mean and the

precision. The conditional on the means becomes:

p(µk|s, w, z,D) = N
(

µk

∣
∣
∣

∑N
i=1 zikxi
sNk + r

,
1

sNk + r
I

)

, (B.42)

while the conditional for the precision is:

p(s|µ,w, z,D) = Gamma(s|ã, b̃) (B.43)

2ã = 2a+ dN (B.44)

2b̃ = 2b+
N∑

i=1

K∑

k=1

zik‖xi − µk‖2 (B.45)
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Appendix C

The Gibbs sampling algorithm for a

mixture model with projections

This appendix contains the derivation of the Gibbs sampling conditional distributions given in

Eqns. 2.85 to 2.94 in Section 2.4.2.

The goal of the algorithm is to sample the parameters of a d-dimensional isotropic mixture

model given (d− 1)-dimensional projections. In the applications, d = 3 or d = 2.

The data D, latent variables Z, model parameters θ, prior distribution p(θ) and forward

model p(D|θ) are as described in Section 2.2.1.

To summarise, the data D consists of the observed (d− 1)-dimensional images xo, where xoijl
is a (d−1)-dimensional point for the ith image, at the center of the jth pixel. There are yij such

points, indexed by l. Since they are all located at the same place, we will sometimes denote xoijl
simply by xoij .

The latent variables Z consists of the missing components xm and the component assignments

z. Each missing component xmijl is a one-dimensional point. The d-dimensional point obtained

by appending xmijl to the end of xoijl is denoted by xijl. There is a component assignment variable

zijl for each point xijl. It is a length K vector with K − 1 zeros and 1 one. We will often not be

interested in exactly which of the yij points (at the jth pixel of image i) was assigned to which

component, but rather how many points were assigned to each component. This is given by the

component assignment variables zij , where

zijk =

yij∑

l=1

zijlk. (C.1)

Each zij is also a length K vector, but the entries (zijk) can be any non-negative integers.

The model parameters θ consist of the means µ, the precision s and the weights w of the

mixture model, and the rotations R and translations t.

Gibbs sampling is used to sample from the full posterior:

p(θ,Z|D) ∝ p(D,Z|θ)p(θ), (C.2)
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where the full likelihood is

p(D,Z|θ) = p(xo, xm, z|µ, s, w,R, t) (C.3)

= p(x, z|µ, s, w,R, t), (C.4)

and the prior is

p(θ) ∝ p(µ|s)p(s)p(w)p(R)p(t). (C.5)

The expressions for the full likelihood and the prior are:

p(x, z|µ, s, w,R, t) =
∏

ijlk

[
wkN (xijl|Riµk + ti, s

−1I)
]zijlk (C.6)

p(µ|s) =
∏

k

N (µk|0, r−1s−1I) (C.7)

p(s) ∝ sa−1e−bs (C.8)

p(w) ∝
∏

k

wα0−1
k (C.9)

p(R) ∝ 1 (C.10)

p(t) =
∏

i

N (ti|0, r−1
t ). (C.11)

For some computations it will be useful to factorise the full likelihood:

p(D,Z|θ) = p(D|Z, θ)p(Z|θ) (C.12)

p(xo, xm, z|µ, s, w,R, t) = p(xo|xm, z, u, s, w,R, t)p(xm|z, µ, s, w,R, t)p(z|µ, s, w,R, t) (C.13)

= p(xo|z, µ, s, R, t)p(xm|z, µ, s, R, t)p(z|w), (C.14)

where the variables that are not involved in the expressions have been removed in the last line.

These expressions are:

p(xo|z, µ, s, R, t) =
∏

ijlk

N (xoijl|Po(Riµk + ti), s
−1I)zijlk (C.15)

p(xm|z, µ, s, R, t) =
∏

ijlk

N (xmijl|Pm(Riµk + ti), s
−1I)zijlk (C.16)

p(z|w) ∝
∏

ijlk

w
zijlk
k =

∏

ijk

w
zijk
k . (C.17)

The full posterior is

p(θ,Z|D) = p(µ, s, w,R, t, z, xm|xo). (C.18)

To use Gibbs sampling to sample from the full posterior, the variables are partitioned into

groups, and the conditional distribution for each group of variables conditioned on the rest is

computed. In our case, z and xm are grouped together, followed by µ, s, w, R, and finally t.
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Assignments and missing components

The latent variables z and xm are sampled using ancestral sampling. In other words, the

combined conditional is factorised as

p(z, xm|xo, µ, s, w,R, t) = p(xm|z, µ, s, w,R, t)p(z|xo, µ, s, w,R, t), (C.19)

and z is sampled from p(z|xo, µ, s, w,R, t) followed by xm from p(xm|z, µ, s, w,R, t).

To obtain expressions for the latent variable distributions, note that

p(z, xm|xo, µ, s, w,R, t) ∝ p(xo, xm, z|µ, s, w,R, t) (C.20)

= p(xm|z, µ, s, R, t)p(xo|z, µ, s, R, t)p(z|w). (C.21)

By comparing Eqns. C.19 and C.21, it follows that

p(z|xo, u, s, w,R, t) ∝ p(xo|z, µ, s, R, t)p(z|w) (C.22)

∝
∏

ijlk

N (xoijl|Po(Riµk + ti), s
−1I)zijlk

∏

ijlk

w
zijlk
k (C.23)

=
∏

ijlk

[
wkN (xoijl|Po(Riµk + ti), s

−1I)
]zijlk (C.24)

=
∏

ijk

[
wkN (xoij |Po(Riµk + ti), s

−1I)
]zijk (C.25)

=
∏

ij

p(zij |xo, µ, s, w,R, t), (C.26)

where

p(zij |xo, µ, s, w,R, t) ∝
∏

k

[
wkN (xoij |Po(Riµk + ti), s

−1I)
]zijk . (C.27)

In words, the d-dimensional mixture is transformed using Ri and ti, and projected to (d−1)-

dimensions. For every pixel, the assignments zij is sampled from a multinomial distribution

obtained by evaluating each of the projected components at the pixel.

We could also sample each zijl (from a categorical distribution), but all subsequent sampling

steps will depend on zijl via zij . The latent variables themselves will be discarded: they are

only needed to sample the model parameters. Therefore it is sufficient to sample zij . This

significantly reduces the number of computations.

The next step is to sample the missing components:

p(xm|z, µ, s, w,R, t) ∝
∏

ijlk

N (xmijl|Pm(Riµk + ti), s
−1)zijlk (C.28)

=
∏

ijl

p(xmijl|z, µ, s, w,R, t), (C.29)
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where

p(xmijl|z, µ, s, w,R, t) =
∏

k

N (xmijl|Pm(Riµk + ti), s
−1)zijlk . (C.30)

In words: the missing component of each point is sampled around the last component of the

mean of the mixture component to which the point was assigned.

As with the component assignments, the individual missing components are not needed in

the subsequent sampling of model parameters. What is needed for each image is only the mean

and variance of the missing components of those points that were assigned to the same mixture

component. New notation is introduced to describe variables that are proportional to the mean

and variance of the missing components:

νmik :=
∑

jl

zijlkx
m
ijl (C.31)

τik :=
∑

jl

zijlk(x
m
ijl − Pm(Riµk + ti))

2 (C.32)

These can be sampled from a Gaussian and a chi-squared distribution respectively:

νmik ∼ N (νmik |NikPm(Riµk + ti), Niks
−1) (C.33)

τik ∼ 1

s
χ2(Nik), (C.34)

where Nik =
∑

jl zijlk. By sampling νmik and τik instead of xmijl, many unnecessary calculations

are avoided.

It will also be convenient to add the following definitions:

νoik :=
∑

jl

zijlkx
o
ijl (C.35)

νik :=

[

νoik
νmik

]

. (C.36)

Weights

The next parameter to sample is the weights:

p(w|xo, xm, z, µ, s, R, t) ∝ p(z|w)p(w) (C.37)

∝
∏

ijlk

w
zijlk
k ·

∏

k

wα0−1
k (C.38)

=
∏

k

wNk+α0−1
k , (C.39)

where Nk =
∑

ijl zijlk.
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Means

The conditional for the means is proportional to a product of Gaussians, and therefore itself a

Gaussian. Recall that the product of two Gaussians is proportional to another Gaussian, with

its natural parameters (Σ−1 and Σ−1µ) being the sum of the natural parameters of the two

Gaussians.

p(µ|s, z, s, R, t) ∝ p(x, z|µ, s, w,Rt)p(µ|s) (C.40)

∝
∏

ijlk

N (xijl|Riµk + ti, s
−1I)zijlk ·

∏

k

N (µk|0, r−1s−1I) (C.41)

=
∏

k

p(µk|x, z, s, R, t), (C.42)

where

p(µk|x, z, s, R, t) ∝
∏

ijl

N (xijl|Riµk + ti, s
−1I) · N (µk|0, r−1s−1I) (C.43)

The first product can be simplified:

∏

ijl

N (xijl|Riµk + ti, s
−1I)zijlk =

∏

ijl

N (Riµk|xijl − ti, s
−1I)zijlk (C.44)

=
∏

ijl

N (µk|RT
i (xijl − ti), zijlks

−1I) (C.45)

= N (µk|µ̃, s̃−1I), (C.46)

where

s̃ =
∑

ijl

zijlks = Nks (C.47)

s̃µ̃ = s
∑

ijl

zijlkR
T
i (xijl − ti) (C.48)

= s
∑

i

[RT
i (
∑

jl

zijlkxijl −
∑

jl

zijlkti)] (C.49)

= s
∑

i

RT
i (νik −Nikti) (C.50)

µ̃ =
1

Nk

∑

i

RT
i (νik −Nikti). (C.51)

Next, compute the product with the prior:

N (µk|µ̃, s̃−1I)N (µk|0, r−1s−1I) ∝ N (µk|µ̂k, ŝ
−1I), (C.52)
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where

ŝ = Nks+ rs = s(Nk + r) (C.53)

ŝµ̂ = s
∑

i

RT
i (νik −Nikti) (C.54)

µ̂ =
1

Nk + r

∑

i

RT
i (νik −Nikti). (C.55)

The final conditional on the means becomes:

p(µk|x, z, s, R, t) = N (µk|
1

Nk + r

∑

i

RT
i (νik −Nikti),

1

s(Nk + r)
I). (C.56)

Precision

The next step is the precision, which is easier to compute using logarithms. After taking log-

arithms, equality signs are taken to mean equality up to an additive constant independent in

s.

p(s|x, z, µ, r, t) ∝ p(x, z|µ, s, w,R, t)p(µ|s)p(s) (C.57)

=
∏

ijlk

N (xijl|Riµk + ti, s
−1I)zijlk · N (µk|0, r−1s−1I) · sa−1e−bs (C.58)

log p(s|x, z, µ, r, t) =
∑

ijlk

zijlk log

[( s

2π

)d/2
exp

(−s

2
‖Riµk + ti − xijl‖2

)]

+
∑

k

log

[( s

2π

)d/2
exp

(−rs

2
‖µK‖2

)]

+ (a− 1) log s− bs (C.59)

=
∑

ijlk

zijlk
d

2
log s− s

2

∑

ijlk

zijlk‖Riµk + ti − xijl‖2

+
dK

2
log s− rs

2

∑

k

‖µk‖2 + (a− 1) log s− bs (C.60)

= −s

2

∑

ijlk

zijlk
(
(Pm(Riµk + ti)− xmijl)

2 + ‖Po(Riµk + ti)− xoijl‖2
)

+

[
d(K +N)

2
+ a− 1

]

log s− s

[

r

2

∑

k

‖µk‖2 + b

]

(C.61)

= (ã− 1) log s− b̃s, (C.62)

where

2ã = 2a+ (N +K)d (C.63)

2b̃ = 2b+
∑

ik

τik +
∑

ijk

zijk‖Po(Riµk + ti)− xoij‖2 + r
∑

k

‖µk‖2. (C.64)

Thus s is sampled from a Gamma distribution with parameters ã and b̃.
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Rotations

The rotations are next:

p(R|x, z, µ, s, w, t) ∝ p(x, z|µ, s, w,R, t)p(R) (C.65)

∝
∏

ijlk

[
wkN (xijl|Riµk + ti, s

−1I)
]zijlk (C.66)

=
∏

i

p(Ri|x, z, µ, s, w, t), (C.67)

where

p(Ri|x, z, µ, s, w, t) ∝
∏

jlk

exp
[

−s

2
‖xijl − (Riµk + ti)‖2

]zijlk
(C.68)

=
∏

jlk

(

exp
[

−s

2
(xijl − ti −Riµk)

T (xijl − ti −Riµk)
])zijlk

(C.69)

∝
∏

jlk

(exp[s(xijl − ti)
TRiµk])

zijlk (C.70)

= exp
∑

jlk

zijlks tr[(xijl − ti)
TRiµk] (C.71)

= exp
∑

jlk

zijlks tr[µk(xijl − ti)
TRi] (C.72)

= exp tr(AT
i Ri), (C.73)

where

Ai = s
∑

jlk

zijlk(xijl − ti)µ
T
k (C.74)

= s
∑

k

(νik −Nikti)µ
T
k . (C.75)

This conditional for the rotations is the only one that is not of a common form. Therefore

we implemented the algorithm described by Habeck (2009).

Translations

Finally, the translations:

p(t|x, z, µ, s, w,R) ∝ p(x, z|µ, s, w,R, t)p(t) (C.76)

∝
∏

ijlk

N (xijl|Riµk + ti, s
−1I)zijlk ·

∏

i

N (ti|0, r−1
t ) (C.77)

=
∏

i

p(ti|x, z, µ, s, w,R), (C.78)
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where

p(ti|x, z, µ, s, w,R) ∝
∏

jlk

N (xijl|Riµk + ti, s
−1I)zijlk · N (ti|0, r−1

t ). (C.79)

The products of the Gaussians are computed as above in the case of the means:

∏

jlk

N (xijl|Riµk + ti, s
−1I)zijlk ∝

∏

jlk

N (ti|xijl −Riµk, (zijlks)
−1I) (C.80)

∝ N (ti|µ̃, s̃−1I), (C.81)

where

s̃ =
∑

jlk

zijlks = Nis (C.82)

s̃µ̃ =
∑

jlk

zijlks(xijl −Riµk) = s
∑

k

(νik −NikRiµk) (C.83)

µ̃ =
1

Ni

∑

k

(νik −NikRiµk) (C.84)

and for the final product

N (ti|µ̃, s̃−1I) · N (ti|0, r−1
t I) = N (ti|µ̂, ŝ−1I), (C.85)

where

ŝ = Nis+ rt (C.86)

ŝµ̂ = s
∑

k

(νik −NikRiµk) (C.87)

µ̂ =
s
∑

k(νik −NikRiµk)

Nis+ rt
. (C.88)

The resulting conditional distribution for the translations is

p(ti|x, z, µ, s, w,R) = N
(

ti

∣
∣
∣
s
∑

k(νik −NikRiµk)

Nis+ rt
,

1

Nis+ rt
I

)

. (C.89)

If we let rt tend to 0, the conditional simplifies to

p(ti|x, z, µ, s, w,R) = N
(

ti

∣
∣
∣
1

Ni

∑

k

(νik −NikRiµk),
1

Nis
I

)

. (C.90)

This can be interpreted as using an improper prior on the translations, which approaches a

uniform distribution. In practise, the influence of rt would be far outweighed by the data, so it

makes sense to remove it in this way.



Appendix D

Derivations for model with Gaussian

noise

Here we derive the equations used in Chapter 5. These include the gradients of the negative

log-posterior needed for sampling the means and rotations, and the marginal and conditional

distributions needed for sampling the weight and component precision.

The negative log-posterior is refered to as the energy E. It is a scalar function of the

parameters θ, where

θ = {µ, λ, s, β,R, t}, (D.1)

and the energy is given by

E(θ) = − log p(D|θ)− log p(θ) (D.2)

− log p(D|θ) = −PN log β +
β

2

∑

ij

(yij − ŷij)
2 (D.3)

− log p(θ) =
r

2

K∑

k=1

µT
k µk −

aβ − 1

β
+ bβ . (D.4)

In the above expression for the energy, the value of the ith projection at the jth pixel is

given by

ŷij = λ
∑

k

vijk, (D.5)

where

vijk := exp{−s

2
‖dijk‖2} (D.6)

dijk := xij − (PoRiµk + ti). (D.7)

We will also denote the unscaled projection by

ỹij :=
∑

k

vijk, (D.8)

i.e. ŷij = λỹij .
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Means gradient

We start by computing the gradients relative to the means. The terms of the energy function

that depend on the means are:

E(µ) =
β

2

∑

ij

(yij − ŷij)
2 +

r

2

∑

k

µT
k µk. (D.9)

The gradient of the energy E w.r.t. to the mean µk can be derived as follows:

∂E

∂µk
= β

∑

ij

(yij − ŷij)

(

−∂ŷij
∂µk

)

+ rµk (D.10)

∂ŷij
∂µk

= λ
∂vijk
∂µk

(D.11)

∂vijk
∂µk

= vijk

(

−s

2

) ∂

∂µk

[
dTijkdijk

]
(D.12)

= svijkR
T
i P

T
o dijk. (D.13)

Substituting back gives

∂E

∂µk
= −βλs

∑

ij

vijk(yij − ŷij)R
T
i P

T
o dijk + rµk. (D.14)

Rotations gradient

For a given rotation Ri, the energy function is:

E(Ri) =
β

2

∑

j

(yij − ŷij)
2. (D.15)

The gradient is derived as follows:

∂E

∂Ri
= −β

∑

j

(yij − ŷij)
∂ŷij
∂Ri

(D.16)

∂ŷij
∂Ri

= λ
∑

k

∂vijk
∂Ri

(D.17)

∂vijk
∂Ri

= vijk

(

−s

2

) ∂

∂Ri
‖dijk‖2 (D.18)

∂

∂Ri
‖dijk‖2 =

∂

∂Ri
(xij − PoRiµk − ti)

T (xij − PoRiµk − ti) (D.19)

=
∂

∂Ri
(µT

kR
T
i P

T
o PoRiµk − 2(xij − ti)

TPoRiµk) (D.20)

= 2P T
o PoRiµkµ

T
k − 2P T

o (xij − ti)µ
T
k (D.21)

= −2P T
o dijkµ

T
k . (D.22)
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The gradients in Eqn. D.21 follow from Petersen and Pedersen (2008, Eqns. 62, 74).

Substituting back, we obtain the final gradient:

∂E

∂Ri
= −βλs

∑

jk

(yij − ŷij)vijkP
T
o dijkµ

T
k . (D.23)

Component precision marginal

To sample the precision s in Section 5.2.3, we have to marginalise out the weight λ from the

posterior

q(λ, s) = p(λ, s|θ\λ,sD) (D.24)

to obtain q(s). The energy function corresponding to q(λ, s) is given (up to a constant) by

E(λ, s) = − log q(λ, s) (D.25)

=
β

2

∑

ij

(yij − λỹij)
2 (D.26)

=
β

2

∑

ij

(λ2ỹ2ij − 2λyij ỹij + y2ij) (D.27)

=




β

2

∑

ij

ỹ2ij



λ2 +



β
∑

ij

yij ỹij



λ+
β

2

∑

ij

y2ij (D.28)

= aλ2 + bλ+ c, (D.29)

where the coefficients a, b and c are functions of s. By completing the square, we obtain:

E(λ, s) = a(λ+
b

2a
)2 +

b2 − 4ac

4a
(D.30)

= d(λ− µ)2 + f, (D.31)

where d = a, µ = −b/(2a) and f = −(b2 − 4ac)/(4a).

By using the identity

∫

R

√

t

2π
e−

t
2
(λ−µ)2dλ = 1 (D.32)

with d = t/2, we obtain

q(s) =

∫

R

q(λ, s)dλ (D.33)

=

∫

R

e−E(λ,s)dλ (D.34)

=

∫

R

e−d(λ−µ)2e−fdλ (D.35)

=

√
π

a
exp

[
b2 − 4ac

4a

]

. (D.36)
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The corresponding energy function is given by

Ẽ(s) = − log q(s) (D.37)

=
1

2
log a− (b2 − 4ac)

4a
(D.38)

=
1

2
log




β

2

∑

ij

ỹ2ij



− β

2






(
∑

ij yij ỹij

)2

∑

ij ỹ
2
ij

−
∑

ij

y2ij




 . (D.39)

Weight conditional

From Eqn. D.31 it follows that the conditional of λ given s has a quadratic energy function:

E(λ) = − log q(λ|s) (D.40)

= d(λ− µ)2 + f. (D.41)

Thus q(λ|s) is Gaussian, with mean µλ and precision sλ, where

µλ = µ = −b/(2a) =

∑

ij yij ỹij
∑

ij ỹ
2
ij

(D.42)

sλ = 2d = 2a = β
∑

ij

ỹ2ij . (D.43)
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