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Organization

• Background in phylogenetics

• Non-standard application areas:

• Clonal evolution inside an individual 
cancer tumour

• Reconstructing ancient languages

• Current research on Divide-and-Conquer 
Sequential Monte Carlo methods



Background on 
phylogenetics



Notation/background on trees
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Stochastic process on a tree

Model: String-valued Continuous Time Markov Chain

Evolution of strings is denoted by M
Branch length is T = T6.
Strings {Xt : 0 � t � T}; Xt has a countable infinite domain of all possible
molecular sequences.
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L. Wang and A. Bouchard-Côté (UBC) Harnessing Non-Local Evolutionary Events for Tree Infer. June 25, 2012 6 / 16

• Evolution modeled by a stochastic process

• Discrete data: Continuous time Markov chains 
(CTMC)

• Continuous data: Diffusions



Phylogenetics: challenges
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errors
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bugs!

Where can this go wrong?



reality probabilistic 
model

• Common assumption: we have 
replicates (loci/sites) of the 
evolutionary stochastic process  
(often iid given tree)  



• Identifiability/consistency: can we find the tree 
given ‘infinite data’ 

• What does infinite data mean? 

• # loci/sites

• # leaves

• sequencing depth

• Efficiency: how fast will the error decay as we add 
more data? (cf. computational efficiency)

probabilistic 
model

tree 
estimator

statistical issues



• Earlier methods: parsimony, distance-
based

• State-of-the-art: likelihood-based 
(maximum likelihood and Bayesian 
method)

• key idea: score many hypothetical 
trees, marginalizing over unknown 
ancestral states  
 

probabilistic 
model

tree 
estimator
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(d) Taxa = 40, Height = 1.0

Fig. 1. Execution time of the phylogenetic methods as a function of
the sequence length for various values of taxa and height.
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(b) Taxa = 20, Height = 1.0
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(c) Taxa = 40, Height = 0.3
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(d) Taxa = 40, Height = 1.0

Fig. 2. Average RF rate of the phylogenetic methods as a function
of the sequence length for various values of taxa and height.

A

B

C
D

A
A

B

B

C

C

D

D

Williams and 
Moret, 03



• Statistically efficient tree reconstruction 
methods are generally computationally 
inefficient

• Parallelization, distribution 

• Approximation methods:

• MCMC

• Sequential Monte Carlo

• Annealing

tree 
estimator

approximation 
algorithm



Application: Inferring the 
Phylogeny of Cancer Cells



Cancer 
and 

evolution

• DNA repair pathways 
damaged => accelerated 
mutation rates

• Accelerated rate + clonal 
expansion => evolution 
within a tumour



Two types 
of 

mutations

• Copy Number Alterations 
(CNA)

• Single Nucleotide Variant 
(SNV)



Copy number alterations
Whole 

chromosome

Parent 
cancer 

cell

Child 
cancer 

cell

Local aberration



Single nucleotide 
variants (SNVs)

• Like SNPs, but arise in tumour 
instead of already in healthy 
cells (somatic instead of 
germline)



Accumulation of SNVs

genome at generation 1
genome at generation 2

...

T
im

e

loci

Mathematical simplification: at most one single 
nucleotide hit per locus (‘infinite site model’, p2 
<< p when p is small)

=> binary state for SNVs



Motivations for 
studying this process

• Clinical:

• Evolution => Adaptation => Relapse

• Scientific:

• Evolution in the fitness landscape far 
from a local optimum



Bayesian non-parametric 
clonal inference 

Trying to identify the ‘nodes’ of the tree



Simplification 
(pedagogical)

Simplification: for now, 1 chromosome, no CNA

loci

one 
cell



Observation: ‘bulk data’

loci

several 
cells

Count data  
(#reads that do not match ref genome)
e.g. Bin(2/5, 5023)

3115
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5023



Observation: ‘bulk data’

loci

Count data  
(#reads that do not match ref genome)
e.g. Bin(2/5, 5023)
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??



Mutation (partial) order from clonal 
prevalence

Example: one mutation in 70% of cells, another in 60% 

Consequence of infinite site assumption & pigeon hole 
principle:



Simplification 
(pedagogical)

Simplification: for now, 1 chromosome, no CNA

loci

one 
cell

Complex, aberrant copy number profiles

etc



Deconvolution of bulk data

Supplementary Figures

Supplementary Figure 1: a) A hypothetical phylogenetic tree generated by clonal expansion via the accu-
mulation of mutations (stars). Unlike traditional phylogenetic trees internal nodes (clones) in the tree may
contribute to the observed data, not just the leaf nodes. b) Hypothetical observed cellular prevalences for
the mutations in tree. Mutations occurring higher up the tree always have a greater cellular prevalence than
their descendants (the same statement need not be true about variant allelic prevalence because of the
effect of genotype). Note that the green, blue and purple mutations occur at the same cellular prevalence
because they always co-occur in the clones of the tree. {fig:clonal˙evolution}

 Variant
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Supplementary Figure 2: Simplified structure of a sample submitted for sequencing. Here we consider the
sample with respect to a single mutation (stars). With respect to this mutation we can separate the cells in
the sample into three populations: the normal population consists of all normal cells (circular), the reference
population consists of cancer cells (irregular) which do not contain the mutation and the variant population
consists of all cancer cells with the mutation. To simplify the model we assume all the cells within each
population share the same genotype. For example all cells in the variant population in this case have the
genotype AABB i.e. two copies of the reference allele, A, and two copies of the variant allele, B. Note that
the fraction of cancer cells from the variant population is the cellular prevalence of the mutation which is
6
10 = 0.6 in this example. Due to the effect of heterogeneity and genotype the expected fraction of reads
containing the variant allele (variant allelic prevalence) in this example would be 6·4· 24

2·2+4·3+6·4 = 0.3.
{fig:pyclone˙populations}

16

Variant allelic prevalence 
= # variant strands  
   / # strands 
= 12/40 (‘observed’) 

Variant cellular prevalence 
= # variant cells / # cells 
= 6/12 (inferred)



Example of data

Figure 1: SNV phylogeny of 7 HGSOvCa patients

(a) Anatomic sites sampled for whole genome sequencing in 7 HGSOvCa patients. Phylogeny inferred from SNVs, with previously nominated
putative driver genes annotated on branches. Branch lengths represent counts of the number of SNVs originating on each branch. Branches are
annotated with the number of SNVs lost along the branch.
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4 biopsies (can be temporal or spatial)
Supplementary Figure 20: Joint analysis of multiple samples from high grade serous ovarian cancer (HG-
SOC) 1. Panels a) and c) show the variant allelic prevalence for each mutation color coded by predicted
cluster using the IBBMM and PyClone with BeBin-PCN model to jointly analyse the four samples. Panels
b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
As in Figure 1 the cellular prevalence of the cluster is the mean value of the cellular prevalence of mutations
in the cluster. The number of mutations n in each cluster is shown in the legend in parentheses. {fig:ith˙case1}

31

Each curve shows the allele 
prevalence of a mutation 

(depth not shown)



Clustering: motivation

Supplementary Figure 20: Joint analysis of multiple samples from high grade serous ovarian cancer (HG-
SOC) 1. Panels a) and c) show the variant allelic prevalence for each mutation color coded by predicted
cluster using the IBBMM and PyClone with BeBin-PCN model to jointly analyse the four samples. Panels
b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
As in Figure 1 the cellular prevalence of the cluster is the mean value of the cellular prevalence of mutations
in the cluster. The number of mutations n in each cluster is shown in the legend in parentheses. {fig:ith˙case1}

31



Clustering: motivation

Cluster ≈ edge of the tree

cluster 1
cluster 2

cluster 3



Inferential questions

• Cluster mutations 

• Cellular prevalence of each 
sub-population.

Supplementary Figures

Supplementary Figure 1: a) A hypothetical phylogenetic tree generated by clonal expansion via the accu-
mulation of mutations (stars). Unlike traditional phylogenetic trees internal nodes (clones) in the tree may
contribute to the observed data, not just the leaf nodes. b) Hypothetical observed cellular prevalences for
the mutations in tree. Mutations occurring higher up the tree always have a greater cellular prevalence than
their descendants (the same statement need not be true about variant allelic prevalence because of the
effect of genotype). Note that the green, blue and purple mutations occur at the same cellular prevalence
because they always co-occur in the clones of the tree. {fig:clonal˙evolution}
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Supplementary Figure 2: Simplified structure of a sample submitted for sequencing. Here we consider the
sample with respect to a single mutation (stars). With respect to this mutation we can separate the cells in
the sample into three populations: the normal population consists of all normal cells (circular), the reference
population consists of cancer cells (irregular) which do not contain the mutation and the variant population
consists of all cancer cells with the mutation. To simplify the model we assume all the cells within each
population share the same genotype. For example all cells in the variant population in this case have the
genotype AABB i.e. two copies of the reference allele, A, and two copies of the variant allele, B. Note that
the fraction of cancer cells from the variant population is the cellular prevalence of the mutation which is
6
10 = 0.6 in this example. Due to the effect of heterogeneity and genotype the expected fraction of reads
containing the variant allele (variant allelic prevalence) in this example would be 6·4· 24

2·2+4·3+6·4 = 0.3.
{fig:pyclone˙populations}
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Challenges

• Noisy data

• High level of uncertainty, partial identifiability 

• Many data types and sources of prior 
information 
 
=> Good fit for Bayesian non-parametrics



PyClone
• Input: bulk ultra-deep 

sequencing data  
[+ some prior info]

• Output: posterior 
distribution over 
clustering and cellular 
prevalences

• Based on the Dirichlet 
Process mixture model
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Supplementary Figure 3: Probabilistic graphical representation of the PyClone model. The model assumes
the observed count data for the nth mutation is dependent on the cellular prevalence of the mutation as
well as the state of the normal, reference and variant populations. The cellular prevalence of mutation
n across the M samples, �n, is drawn from a Dirichlet Process (DP) prior to allow mutations to cluster
and the number of clusters to be inferred. For brevity we show the multi-sample version of PyClone which
generalises the single sample case (M=1). We also show the model with either the Binomial or Beta
Binomial emission densities. For all analyses conducted in this paper we set vague priors of a↵ = 1, b↵ =

10

�3 for the DP concentration parameter ↵ and as = 1, bs = 10

�4 for the Beta Binomial precision parameter
s. The Gamma distributions are parametrised in terms of the shape, a, and rate, b, parameters (see
Section 1.1). {fig:pgm}
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Roth et al. (2014) Nature Methods



PyClone: main parameter

Supplementary Figures

Supplementary Figure 1: a) A hypothetical phylogenetic tree generated by clonal expansion via the accu-
mulation of mutations (stars). Unlike traditional phylogenetic trees internal nodes (clones) in the tree may
contribute to the observed data, not just the leaf nodes. b) Hypothetical observed cellular prevalences for
the mutations in tree. Mutations occurring higher up the tree always have a greater cellular prevalence than
their descendants (the same statement need not be true about variant allelic prevalence because of the
effect of genotype). Note that the green, blue and purple mutations occur at the same cellular prevalence
because they always co-occur in the clones of the tree. {fig:clonal˙evolution}
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Chromosome
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Supplementary Figure 2: Simplified structure of a sample submitted for sequencing. Here we consider the
sample with respect to a single mutation (stars). With respect to this mutation we can separate the cells in
the sample into three populations: the normal population consists of all normal cells (circular), the reference
population consists of cancer cells (irregular) which do not contain the mutation and the variant population
consists of all cancer cells with the mutation. To simplify the model we assume all the cells within each
population share the same genotype. For example all cells in the variant population in this case have the
genotype AABB i.e. two copies of the reference allele, A, and two copies of the variant allele, B. Note that
the fraction of cancer cells from the variant population is the cellular prevalence of the mutation which is
6
10 = 0.6 in this example. Due to the effect of heterogeneity and genotype the expected fraction of reads
containing the variant allele (variant allelic prevalence) in this example would be 6·4· 24

2·2+4·3+6·4 = 0.3.
{fig:pyclone˙populations}
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Variant allelic prevalence 
= # variant strands  
   / # strands 
= 12/40 (‘observed’) 

Variant cellular prevalence 
= # variant cells / # cells 
= 6/12 (inferred)

ϕn: cellular 
prevalence vector 
of mutation n  



PyClone: main parameter
Variant allelic prevalence 
= # variant strands  
   / # strands 
= 12/40 (‘observed’) 

Variant cellular prevalence 
= # variant cells / # cells 
= 6/12 (inferred)

ϕn: cellular 
prevalence vector 
of mutation n  

Note: the cellular prevalence varies across 
anatomical samples

ϕn =(ϕn ,..., ϕn)1 M

Figure 1: SNV phylogeny of 7 HGSOvCa patients

(a) Anatomic sites sampled for whole genome sequencing in 7 HGSOvCa patients. Phylogeny inferred from SNVs, with previously nominated
putative driver genes annotated on branches. Branch lengths represent counts of the number of SNVs originating on each branch. Branches are
annotated with the number of SNVs lost along the branch.
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DP mixture model

Parametric mixture model:

Part 2: Basics of Dirichlet processes 2-3

and let G = ⇡�

✓1 +(1�⇡)�
✓2 . Note that G : F

⌦

! [0, 1] and that G(! ) = 1, in other words, G is distribution.
Since it is constructed from random variables, it is a random distribution. Here is an example of a realization
of G:
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As it is apparent from this figure, the prior over G has support over discrete distributions with two point
masses.

This is where the Dirichlet process comes in: it is a prior, denoted by DP, with a support over discrete with
a countably infinite number of point masses. If G ⇠ DP, this means that a realization from G will look like:
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In the next section, we define Dirichlet process more formally.

2.3 First definition of Dirichlet processes
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1. A positive real number ↵
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> 0, called the concentration parameter. We will see later that it can be
interpreted as a precision (inverse variance) parameter.

2. A distribution G
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DP mixture

• n: index of the SNV loci

• m: index of sample 
(biopsy)

• ϕn: cellular prevalence 
vector of mutation n  

• d: depth (total # of reads)

• b: number of mutant 
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Supplementary Figure 3: Probabilistic graphical representation of the PyClone model. The model assumes
the observed count data for the nth mutation is dependent on the cellular prevalence of the mutation as
well as the state of the normal, reference and variant populations. The cellular prevalence of mutation
n across the M samples, �n, is drawn from a Dirichlet Process (DP) prior to allow mutations to cluster
and the number of clusters to be inferred. For brevity we show the multi-sample version of PyClone which
generalises the single sample case (M=1). We also show the model with either the Binomial or Beta
Binomial emission densities. For all analyses conducted in this paper we set vague priors of a↵ = 1, b↵ =

10

�3 for the DP concentration parameter ↵ and as = 1, bs = 10

�4 for the Beta Binomial precision parameter
s. The Gamma distributions are parametrised in terms of the shape, a, and rate, b, parameters (see
Section 1.1). {fig:pgm}
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Posterior inference

• MCMC: standard auxiliary variable 
method for non-conjugate models 
(‘algorithm 8’)

• Issue: scaling to large # of mutations

• Latest work with Andy Roth and Arnaud 
Doucet: a particle MCMC split merge 
algorithm



Example of clustering 
with the model so far

Supplementary Figure 20: Joint analysis of multiple samples from high grade serous ovarian cancer (HG-
SOC) 1. Panels a) and c) show the variant allelic prevalence for each mutation color coded by predicted
cluster using the IBBMM and PyClone with BeBin-PCN model to jointly analyse the four samples. Panels
b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
As in Figure 1 the cellular prevalence of the cluster is the mean value of the cellular prevalence of mutations
in the cluster. The number of mutations n in each cluster is shown in the legend in parentheses. {fig:ith˙case1}
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Genotypes
• n: index of the SNV loci

• m: index of sample 
(biopsy)

• ϕn: cellular prevalence 
vector of mutation n  

• d: depth (total # of reads)

• b: number of mutant alleles

• s: overdispersion 
parameter

• ψ: genotype  
(∈ {AB, AAB, AABB, ...})
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Supplementary Figure 3: Probabilistic graphical representation of the PyClone model. The model assumes
the observed count data for the nth mutation is dependent on the cellular prevalence of the mutation as
well as the state of the normal, reference and variant populations. The cellular prevalence of mutation
n across the M samples, �n, is drawn from a Dirichlet Process (DP) prior to allow mutations to cluster
and the number of clusters to be inferred. For brevity we show the multi-sample version of PyClone which
generalises the single sample case (M=1). We also show the model with either the Binomial or Beta
Binomial emission densities. For all analyses conducted in this paper we set vague priors of a↵ = 1, b↵ =

10

�3 for the DP concentration parameter ↵ and as = 1, bs = 10

�4 for the Beta Binomial precision parameter
s. The Gamma distributions are parametrised in terms of the shape, a, and rate, b, parameters (see
Section 1.1). {fig:pgm}
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Informed priors over 
genotypes

• Goal: reduce the space of possible genotypes

• Key idea: we can also use germline SNPs to get 
extra information on the copy number at a loci

• Hijack standard micro-array platforms to get log 
intensity in the neighborhood of the SNV of 
interest 

SNV (cancer)

SNP (from your parents)



Supplementary Figure 20: Joint analysis of multiple samples from high grade serous ovarian cancer (HG-
SOC) 1. Panels a) and c) show the variant allelic prevalence for each mutation color coded by predicted
cluster using the IBBMM and PyClone with BeBin-PCN model to jointly analyse the four samples. Panels
b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
As in Figure 1 the cellular prevalence of the cluster is the mean value of the cellular prevalence of mutations
in the cluster. The number of mutations n in each cluster is shown in the legend in parentheses. {fig:ith˙case1}
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b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
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Full output (consensus)

Supplementary Figure 20: Joint analysis of multiple samples from high grade serous ovarian cancer (HG-
SOC) 1. Panels a) and c) show the variant allelic prevalence for each mutation color coded by predicted
cluster using the IBBMM and PyClone with BeBin-PCN model to jointly analyse the four samples. Panels
b) and d) show the inferred cellular prevalence for each cluster using the IBBMM and BeBin-PCN methods.
As in Figure 1 the cellular prevalence of the cluster is the mean value of the cellular prevalence of mutations
in the cluster. The number of mutations n in each cluster is shown in the legend in parentheses. {fig:ith˙case1}
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How to validate?

• Cross validation

• Synthetic data (in silico and in vitro)
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variation events. Third, Bayesian nonparametric clustering is used 
to discover groupings of mutations and the number of groups 
simultaneously. This obviates fixing the number of groups a priori 
and allows for cellular prevalence estimates to reflect uncertainty 
in this parameter. Fourth, multiple samples from the same cancer 
may be analyzed jointly to leverage the scenario in which clonal 
populations are shared across samples. Simulated data sets sys-
tematically illustrate improvements in performance of each of the 
novel modeling components (Supplementary Figs. 12 and 13).

We first evaluated our approach on idealized data sets (Fig. 1) 
produced from physical mixtures of DNA extracted from four 
1000 Genomes Project samples11,12 (Online Methods). Each mix-
ture contained DNA in approximate proportions of 0.01, 0.05, 0.20 
and 0.74. Specific single-nucleotide variants (SNVs) were ampli-
fied using PCR and then sequenced deeply on the Illumina MiSeq 
platform. This data set simulates a hierarchically related popula-
tion with ground truth for quantitative benchmarking (Fig. 1c).  
We selected positions with variants present in exactly one case, 
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Figure 1 | Comparison of clustering performance for the mixture of  
normal-tissue data sets. (a,b) Comparison of methods (10 replicates of  
37 mutations) when analyzing a four-mixture experiment separately  
(a) or jointly (b). IBMM, infinite binomial (Bin) mixture model;  
IBBMM, infinite beta-binomial (BeBin) mixture model; TCN, with  
total copy-number priors; PCN, with parental copy-number priors.  
(c) Expected cellular prevalence of each cluster across the four-mixture  
experiments. (d,e) Inferred cellular prevalences and clustering using  
the IBBMM model (d) and PyClone BeBin-PCN model (e). Clusters with  
homozygous single-nucleotide variants (SNVs) or an equal number of  
homo- and heterozygous SNVs are indicated by solid lines; clusters with heterozygous  
SNVs, by dashed lines. (f) Variant allelic prevalence for mutations assigned to cluster 1 by the PyClone BeBin-PCN model. Dashed lines represent 
heterozygous SNVs; solid lines represent homozygous SNVs. Whiskers (a,b) indicate 1.5× the interquartile range, red bars indicate the median and boxes 
represent the interquartile range. Error bars (d,e) indicate the mean s.d. (using 9,000 post-‘burn-in’ samples (Online Methods)) of Markov chain Monte Carlo–
derived cellular prevalence estimates over all mutations in a cluster. (d–f) The number of mutations n in each cluster is shown in the legends in parentheses.
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Figure 2 | Joint analysis of multiple samples from high-grade serous  
ovarian cancer 2. (a,b) Left, variant allelic prevalence for each mutation,  
color coded by predicted cluster, using IBBMM (a) and PyClone with the  
BeBin-PCN model (b) to jointly analyze the four samples. Right, inferred  
cellular prevalence for each cluster using IBBMM (a) and BeBin-PCN  
methods (b). As in Figure 1, the cellular prevalence of the cluster is  
the mean value of the cellular prevalence of mutations in the cluster.  
(c) Presence or absence of variant alleles at target loci in single cells  
from sample B. Loci with fewer than 40 reads covering them are colored  
gray. Predicted clusters for each method are shown on the left, with white cells indicating nonsomatic control positions. Row labels indicate hg19 
chromosome and chromosome coordinate separated by a colon. (d) Presence or absence of IBBMM clusters in single cells from sample B. Clusters  
were deemed present if any mutation in the cluster was present. gDNA, bulk genomic DNA control. Error bars (a,b) indicate the mean s.d. (using 50,000 
post-‘burn-in’ samples) of Markov chain Monte Carlo–derived cellular prevalence estimates over all mutations in a cluster. The number of mutations n in 
each cluster is shown in the legends in parentheses.
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variation events. Third, Bayesian nonparametric clustering is used 
to discover groupings of mutations and the number of groups 
simultaneously. This obviates fixing the number of groups a priori 
and allows for cellular prevalence estimates to reflect uncertainty 
in this parameter. Fourth, multiple samples from the same cancer 
may be analyzed jointly to leverage the scenario in which clonal 
populations are shared across samples. Simulated data sets sys-
tematically illustrate improvements in performance of each of the 
novel modeling components (Supplementary Figs. 12 and 13).

We first evaluated our approach on idealized data sets (Fig. 1) 
produced from physical mixtures of DNA extracted from four 
1000 Genomes Project samples11,12 (Online Methods). Each mix-
ture contained DNA in approximate proportions of 0.01, 0.05, 0.20 
and 0.74. Specific single-nucleotide variants (SNVs) were ampli-
fied using PCR and then sequenced deeply on the Illumina MiSeq 
platform. This data set simulates a hierarchically related popula-
tion with ground truth for quantitative benchmarking (Fig. 1c).  
We selected positions with variants present in exactly one case, 

e f

1.0

b

0.9

0.8

0.7

V
-m

ea
su

re

0.6

0.5

IB
MM

IB
BMM

Bin-
TCN

Bin-
PCN

BeB
in-

TCN

BeB
in-

PCN

1.0

0.8

0.6

V
ar

ia
nt

 a
lle

lic
 p

re
va

le
nc

e

0.4

0
A B C D

Mixture

Genotype

0.2

AB (n = 3)
BB (n = 3)

1.0

c

0.8

0.6

E
xp

ec
te

d 
ce

llu
la

r
pr

ev
al

en
ce

0.4

0
A B C D

Mixture

0.2

Variant case(s)

NA12878
NA18507
NA19240
NA18507
NA19240

NA12156

NA12878
NA18507
NA19240
NA12156
NA12878
NA18507
NA19240

1.0

a

0.9

0.8

0.7

V
-m

ea
su

re

0.6

0.5

IB
MM

IB
BMM

Bin-
TCN

Bin-
PCN

BeB
in-

TCN

BeB
in-

PCN

d
1.0

0.8

0.6

IB
B

M
M

 (i
nf

er
re

d)
 c

el
lu

la
r

pr
ev

al
en

ce

0.4

0
A B C D

Mixture

0.2

Cluster

1.0 (n = 2)
2.0 (n = 2)
3.0 (n = 3)
4.0 (n = 3)
5.0 (n = 3)
6.0 (n = 3)
7.0 (n = 2)
8.0 (n = 3)
9.0 (n = 7)
10.0 (n = 7)
11.0 (n = 1)
12.0 (n = 1)

1.0

0.8

0.6

0.4

0
A B C D

Mixture

0.2

B
eB

in
-P

C
N

 (i
nf

er
re

d)
ce

llu
la

r p
re

va
le

nc
e Cluster

3.0 (n = 4)
4.0 (n = 6)

2.0 (n = 3)

6.0 (n = 3)

1.0 (n = 6)

5.0 (n = 14)

7.0 (n = 1)

Figure 1 | Comparison of clustering performance for the mixture of  
normal-tissue data sets. (a,b) Comparison of methods (10 replicates of  
37 mutations) when analyzing a four-mixture experiment separately  
(a) or jointly (b). IBMM, infinite binomial (Bin) mixture model;  
IBBMM, infinite beta-binomial (BeBin) mixture model; TCN, with  
total copy-number priors; PCN, with parental copy-number priors.  
(c) Expected cellular prevalence of each cluster across the four-mixture  
experiments. (d,e) Inferred cellular prevalences and clustering using  
the IBBMM model (d) and PyClone BeBin-PCN model (e). Clusters with  
homozygous single-nucleotide variants (SNVs) or an equal number of  
homo- and heterozygous SNVs are indicated by solid lines; clusters with heterozygous  
SNVs, by dashed lines. (f) Variant allelic prevalence for mutations assigned to cluster 1 by the PyClone BeBin-PCN model. Dashed lines represent 
heterozygous SNVs; solid lines represent homozygous SNVs. Whiskers (a,b) indicate 1.5× the interquartile range, red bars indicate the median and boxes 
represent the interquartile range. Error bars (d,e) indicate the mean s.d. (using 9,000 post-‘burn-in’ samples (Online Methods)) of Markov chain Monte Carlo–
derived cellular prevalence estimates over all mutations in a cluster. (d–f) The number of mutations n in each cluster is shown in the legends in parentheses.
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Figure 2 | Joint analysis of multiple samples from high-grade serous  
ovarian cancer 2. (a,b) Left, variant allelic prevalence for each mutation,  
color coded by predicted cluster, using IBBMM (a) and PyClone with the  
BeBin-PCN model (b) to jointly analyze the four samples. Right, inferred  
cellular prevalence for each cluster using IBBMM (a) and BeBin-PCN  
methods (b). As in Figure 1, the cellular prevalence of the cluster is  
the mean value of the cellular prevalence of mutations in the cluster.  
(c) Presence or absence of variant alleles at target loci in single cells  
from sample B. Loci with fewer than 40 reads covering them are colored  
gray. Predicted clusters for each method are shown on the left, with white cells indicating nonsomatic control positions. Row labels indicate hg19 
chromosome and chromosome coordinate separated by a colon. (d) Presence or absence of IBBMM clusters in single cells from sample B. Clusters  
were deemed present if any mutation in the cluster was present. gDNA, bulk genomic DNA control. Error bars (a,b) indicate the mean s.d. (using 50,000 
post-‘burn-in’ samples) of Markov chain Monte Carlo–derived cellular prevalence estimates over all mutations in a cluster. The number of mutations n in 
each cluster is shown in the legends in parentheses.



Issue: loss of SNVs



Application: reconstructing 
ancient languages



Examples of language change

Beowulf  (~ 8th - 11th century) *dekm Proto-Indo-European
-6000 years before present?

tehun Proto-Germanic
-2000 years before present

tȳne ætsomne
ten

tien

‘ten altogether’

Old English

(Modern) English

-1000 years before present

present



exp

�
⇧

⇤
⌥

(s,s�)⇥d

⇥�, T (s, s�)⇤ � ⇥ ⌅� � ⌅(t)⌅2
2 � A(⇥)

⇥
⌃

⌅ ⇤t(d)

Examples of language change

*dekm Proto-Indo-European
> 6000 years before present?

tehun Proto-Germanic
2000 years before present

ten

tien Old English

(Modern) English

1000 years before present

present

Deletion: /i/ > ∅

Insertion: /e/ > /ie/; Deletion: /h/ > ∅

Substitutions: /d/ > /t/, /k/ > /h/,...

exp

�
⇧

⇤
⌥

(s,s�)⇥d

⇥�, T (s, s�)⇤ � ⇥ ⌅� � ⌅(t)⌅2
2 � A(⇥)

⇥
⌃

⌅ ⇤t(d)

exp

�
⇧

⇤
⌥

(s,s�)⇥d

⇥�, T (s, s�)⇤ � ⇥ ⌅� � ⌅(t)⌅2
2 � A(⇥)

⇥
⌃

⌅ ⇤t(d)



Example of data

Austronesian dataset:

Size: 706 languages, 150k word forms in IPA

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika
Proto-Oceanic *ika *mataku

...

...

[Greenhill et al, ’08] 



Oceanic language

Hawaiian
Samoan
Tongan
Maori



Task: comparative reconstruction

‘fish’ 
Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika



Task: comparative reconstruction

Proto-Oceanic

‘fish’ 
Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika



Task: comparative reconstruction

Proto-Oceanic

‘fish’ 
POc *ika

*k > ʔ
‘fish’ 

Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika



Task: comparative reconstruction

Proto-Oceanic

‘fish’ 
POc *iʔa

or

‘fish’ 
POc *ika

*ʔ > k

‘fish’ 
Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika



Task: comparative reconstruction

Proto-Oceanic

‘fish’ 
POc *iʔa

‘fish’ 
POc *ika

‘fish’ 
Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika

or

...

Previous work/main stream 
approach: manually 

reconstruct
Question: Can we leverage  
machine learning methods?



Can we harness more languages?

‘fish’ 
Hawaiian iʔa

Samoan iʔa

Tongan ika

Maori ika

Geser ikan

Rapanui ika

Nukuoro iga

Niue ika



Task 2: cognate inference

Fact: New words are invented & old words fall out of usage 

Consequence: not all words forms for a given concept will 
have cousins in related languages.

Hawaiian (G) iʔa makaʔu

Samoan (S) iʔa mataʔu

Tongan (T) ika manavahē

Maori (M) ika mataku

Column: 
‘cognate 

set’ (think as a 
cluster) 

‘fish’ ‘fear’ ‘fear’ 



Task 2: cognate inference

Hawaiian iʔa, makaʔu, ...

Samoan iʔa, makaʔu, ...

Tongan ika, manavahē, ...

Maori ika, mataku, ...

Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika manavahē

Maori ika mataku

or ...
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika manavahē

Maori ika mataku



Task 3: tree inference

Hawaiian
Samoan
Tongan
Maori

Hawaiian
Samoan
Tongan
Maori

or ...



Model-based approach

X1

X2
X3

X4 X5

X2|X1 � Mut(X1; �)

Xi|Xpar(i) � Mut(Xpar(i); �)

X3|X1 � Mut(X1; �)

...

Input: modern words
Probabilistic 

models of change

Hawaiian

Samoan

Tongan

Maori

Hawaiian

Samoan

Tongan

Maori

or
...

‘fish’ 

POc *i!a

‘fish’ 

POc *ika

or

..
.

‘fish’ (1)

Hawaiian i!a

Samoan i!a

Tongan ika

Marshallese yapil

or

‘fish’ (1) ‘fish’ (2)

Hawaiian i!a

Samoan i!a

Tongan ika

Marshallese yapil

...

Reconstruction

Cognates

Trees

‘fish’ ‘fear’

Hawaiian i!a maka!u

Samoan i!a mata!u

Tongan ika



Motivation



Why reconstruct?

! Can answer a large number of questions about 
our past 

! Learn about ancient populations’ migrations

! Decipherment of ancient scripts



Motivation: typology

! What are the statistical regularities of sound 
change? 

! Role of functional load in sound change

! Useful for synchronic typology as well 

! Is an observed pattern the result of structural 
constraints, or the result of common descent?



Motivation: machine translation (MT)

! Long-term challenge: usable machine translation 
between all pairs of languages 

! Existing MT rely on large corpora in both languages 
in the pair, 

! in particular, bitexts (e.g. europarl) 

! Concrete step:  
large scale cognate detection 



Background



International Phonetic Alphabet

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika
Proto-Oceanic ika mataku

Instead of {A,C,G,T}, here the 
alphabet is a set of basic sound units 
(phonemes): 

!

"
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% &
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e
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0

k

h

i
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v

u

2

t

s

3

ø

qp 4

5

6 7

z

y

8

x
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Sound changes

*dekm Proto-Indo-European
-6000 years before present?

tehun Proto-Germanic
-2000 years before present

ten

tien Old English

(Modern) English

-1000 years before present

present

English ten

Danish ti

Greek deka

Italian dieci

French dix

Sanskrit dasan

Proto-Indo-European

Proto-Germanic

/d/ > /t/



Regularity in sound change

English ten tooth

Danish ti tand

Greek deka donti

Italian dieci dente

French dix dent

Sanskrit dasan danta

Proto-Indo-European

/d/ > /t/ in word initial position

! Probabilistic models of 
inventory changes? 
! Open computational 

problem
SWEDISH

BAFFA_PASHTO
LITHUANIAN

FRENCH
HINDI

DUTCH
ASSAMESE

BRETON
ITALIAN

BHOIPURI
CORNISH
CZECH

GUJARATI
BENGALI
SPANISH

EASTERN_FARSI
GILAKI
WELSH

PORTUGUESE
KURDISH_CENTRAL
STANDARD_GERMAN

SARDINIAN
BELARUSIAN

LATVIAN
POLISH

ENGLISH
ALSATIAN

BULGARIAN
ROMANIAN
CATALAN

BERNESE_GERMAN
BANNU_PASHTO

RUSSIAN

3 5 8 C E L N S T X Z a b c d e f g h i j k l m n o p q r s t u v w x y z

0.0

0.2

0.4

0.6

0.8

1.0



Modelling phonological change



iʔa iʔa ika ika

Simplifying assumptions

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika

Maori ika mataku

POc

H. S. T. M.

Fixed tree Fixed cognate sets



iʔa iʔa ika ika

Graphical model

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika

Maori ika mataku

POc

H. S. T. M.



Graphical model

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika

Maori ika mataku
makaʔu makaʔu makaku

POc

H. S. T. M.



Graphical model

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika

Maori ika mataku

POc

H. S. T. M.

Key distribution: Models diachronic 
word mutation

X

Y

Y |X � Mut(X)



Modeling string mutation

! What kind of string mutations need to be captured?

! Substitution

*k > ʔ
‘fish’ ‘voice’

Hawaiian iʔa leo

Samoan iʔa leo

Tongan ika leʔo

Maori ika reo

! Deletion (& insertions)

*ʔ > Ø

! Contextualized change

*ʔ > Ø / V _ V



taŋgis

taŋgi

taŋgi aŋgi

taŋgis

angi

String transducer

t a

a

ŋ

n g

i

i

s#

#

#

#

‘to cry’



t a

a

ŋ

n g

i

i

s#

#

#

#?

ŋ

String transducer

}



t a

a

ŋ

n g

i

i

s#

#

#

#?

ŋ

θ
S

String transducer

θS  : Substitution/Deletion  
      Parameters



t a

a

ŋ

n g

i

i

s#

#

#

#

ŋ

n ?

θ
S

θ
I

String transducer

θI  : Insertion Parameters



t a

a

ŋ

n g

i

i

s#

#

#

#

ŋ

n g

θ
S

θ
I

?

String transducer



Bayesian inference



X1, X2|X3, X4, X5

Computational bottleneck

X1

X2
X3

X4 X5

More difficult: string-valued 
expectations

Parameters fitting: can be 
approached using standard 
tools POc

H. S. T. M.

θθ θθ θθ

λ



Various MCMC algorithms

T A G G

T A G C

T A C G C

C A G G

C A C G G

T A G G

T A G C

T A C G C

C A G G

C A C G G

Gibbs sampling

Ancestry resampling

Thin vertical section



Sequential Monte Carlo
• SMC: An alternative to  

MCMC 

• Approximates posterior 
with particles and weights

• D&C SMC: generalization 
more suitable to 
phylogenies

π1 π2 π3

π7

...

π6 π5

π4 π3 π2 π1

Standard SMC samplers

Divide and Conquer

(D&C) SMC samplers
• tinyurl.com/divide-and-conquer-smc

• Fredrik Lindsten, Adam M. 
Johansen, Christian A. 
Naesseth, Bonnie Kirkpatrick, Thomas 
B. Schön, John Aston, and Alexandre 
Bouchard-Côté. (2016) Divide-and-
Conquer with Sequential Monte Carlo.  
JCSG, In Press.



D&C SMC: notation

...

...

yl

yr

xr

xl

xt

xl

xr

xtyt



1. Assume inductively we have      &

...

...
...

2. Sample from the product measure:

(x̃i
l, x̃

i
r) ⇠ ⇡̃l ⇥ ⇡̃r

⇡̃t

⇡̃l

⇡̃r

- amounts to two independent 
multinomial sampling steps

D&C (SIR): ⇡̃l ⇡̃r



1. Assume inductively...

...

...
...

2. Sample from the product measure:

⇡̃t

⇡̃l

⇡̃r

3. Propose (extend):

(x̃i
l, x̃

i
r)

x

i
t|(x̃i

l, x̃
i
r) ⇠ qt(·|x̃i

l, x̃
i
r)

Concatenate:
x

i
t =

(xi
t,�x̃

i
l�,�x̃

i
r�)

?

D&C (SIR):



1. Assume inductively...

...

...
...

2. Sample from the product measure

⇡̃t

⇡̃l

⇡̃r

3. Propose (extend)

(x̃i
l, x̃

i
r)

4. Reweigh:

x

i
t

w

i
t =

⇡t(xi
t)

⇡l(x̃i
l)⇡r(x̃i

r)

1

qt(xi
t|x̃i

l, x̃
i
r)

D&C (SIR):



1. Assume inductively...

...

...
...

2. Sample from the product measure

⇡̃t

⇡̃l

⇡̃r

3. Propose (extend)

4. Reweigh

Repeat for 
each particle 

D&C (SIR):



Potential applications
• Inference over non-local/catastrophic events (explicit 

sound change operators) 

• Joint cognate inference 

• Statistical multiple sequence alignment 

• Relaxed clock models 

• Many other models that would otherwise have to be 
handled with very expensive methods such as 
Approximate Bayesian Computation



Numerical examples



Validation methodology

Evaluation criterion: Edit distance  
Smallest number of substitutions, insertions and 
deletions needed to go from one string to the other

Holding-out the manual reconstructions

e.g.: d( /ika/ , /ga/ ) = 2   
        /ika/ ➔ /iga/ ➔ /ga/

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika
Proto-Oceanic *ika *mataku

‘fish’ ‘fear’
Hawaiian iʔa makaʔu

Samoan iʔa mataʔu

Tongan ika
Proto-Oceanic ??? ???



Datasets used for reconstruction

! Austronesian languages dataset 
! 706 languages, 150k words 
! 17 annotated reconstructions 
! Ideal for testing large scale reconstruction 
! Has continued to grow since the time experiments were 

performed

[Greenhill et al. 08]



Comparisons in large phylogenies

Mean error (edit distance)

Comparisons on Proto-Oceanic and Proto-Austronesian 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Examples of reconstruction
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bird manumanu aiam manuk manok *qayam *qayam
to cut, hack tata ta:tatak tutek hadhad *taöaq *taöaq
at e N/A gaP N/A *i *i
what? cava Paxai uaP inew ay *nanu *anu 1
this oqo Pimini itew yayto *ini *ani
wind cagi var@ paNay bariyo *bali *beliu 2

Figure 1: Examples for each types of data processed by our system. The main input is the
IPA representation of the pronunciation of basic concepts for a collection of related languages.
This is shown in the phonology section of the table on the left. Optionally, our system can also
use partial or complete clustering of these word forms into cognate sets. The cognates sets,
shown in the Cognates section of the left table, are clusters of word forms all descending from a
proto-word form (they can be equivalently represented by a binary matrix where there an entry
is equal to one if two word are in the same cognate set, and zero otherwise). Our system can
also hypothesize or refine these cognate sets when the information is missing. In the table on
the right, we show a random sample of reconstructions produced by the system, stratified by
Levenstein distance (�) to a reference reconstruction, in this case the reconstruction of (8).
More detailed reconstructions can be found in (2) [[ref to sup mat]]. The baseline consists in
picking one of the modern forms uniformly at random.

came French /SãZ/ ‘change’. Still, several factors obscure these regularities. In particular, sound

changes are often context sensitive: Latin /kor/ ‘heart’ with French reflex /kœK/ illustrates that

the place of articulation change occurred only before the vowel /a/.

In this paper, we present the first automated system capable of large-scale reconstruction of

protolanguages. This system is based on a probabilistic model of sound change, building on re-

cent work on the reconstruction of ancestral sequences in computational biology (9,10). Several

groups have recently explored how methods from computational biology can be applied to prob-

lems in historical linguistics, but this work has focused on identifying the relationships between

languages (as might be expressed in a phylogeny) rather than reconstructing the languages them-

selves (11–15). Much of this work has been based on binary cognate matrices, which discard

all information about the form that words take, simply indicating whether they are cognate. To

illustrate the difference between the representation of the data used by these models and ours, it
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