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Heuristic methods

ML tree inference, parameter estimation and GARLI
Model odds and ends

Using GARLI in practice

Computer exercises



Heuristic methods



Heuristics

Aim to optimize or solve some problem
Results never guaranteed
Deterministic and/or stochastic

Many, many types



The likelihood landscape
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The likelihood landscape (from above)
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Heuristic features

 Main differences (simplified):
e How are new points proposed?



Proposing new points
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Heuristic features
 Main (simplified) differences:
e How are new points proposed?

e How does the method move between
proposed points?



Moving between points




Moving through treespace
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Heuristic features

e Few restrictions on how a heuristic can work

« The best choice may be problem specific



A specific heuristic:
The Genetic Algorithm

« Computational analogue of evolution by natural
selection

A few simple requirements:
 Measure of fithess
 Method of selection
e Mutation operators
e Recombination operators



Is GARLI a GA?

e Well, no

e Serial algorithm does not use recombination
between individuals, which technically
disqualifies it

e Also atypical of GA’s in other aspects (small
population sizes, very strong selection pressure)



Other possible names...

GARLI*

*not actually a genetic algorithm
or

SHuRLI

(Stochastic Heuristic ...)
or

EARLI
(Evolutionary Algorithm ...)

(I think that I’m stuck with the current name...)



GA terminology

Individual (set of parameter values)
Population

Fitness (log-likelihood)

Selection function (fithess proportional)

Generation



One generation
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One generation
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One generation
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One generation
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to choose parents for the

Partially optimize next generation

and score mutated
individuals



GA mutations

Similar to proposals in Bayesian MCMC phylogenetic
methods (but with a bit more freedom)

Random component, but need not be but truly random

GARLI uses independent (mutually exclusive) types:
 Topology (NNI, local SPR, full SPR)

 Model parameters

 Branch lengths



GARLI

 Genetic Algorithm for Rapid Likelihood Inference
e Descendent of GAML (Lewis, 1998)

« Development goal: make ML phylogenetic
searches feasible for large datasets



How is GARLI different?

Stochastic, genetic algorithm-like approach instead of
deterministic hill climbing

Gradually optimizes tree topology, branch lengths and
model parameters

Allows accurate ML tree inference on large datasets
(hundreds of sequences) in hours



ML inference

Maximize

Pr(Data | Model)= f(p,,p,,P;---)

Set of parameter values
maximizing this function
is the maximum likelihood
estimate {131’1529133 o)




The ML estimate

Point estimate of the best supported parameter values

Assessing confidence requires other techniques, e.g.
bootstrapping or measuring the curvature of the likelihood

surface



ML phylogenetic inference

e Objective: find highest likelihood point in
treespace

e Difficulties:
* Enormous number of trees to consider

* Lots of computation needed to score each tree
(optimize parameters)



ML vs. Bayesian inference

ML inference: find the likelihood peak

Bayesian inference: summarize the entire posterior
distribution

Differ in practicality and appropriateness for particular
problems

Bayesian methods are particularly appropriate when:
 Low signal to parameter ratio (complex models or little signal)
e Strong prior knowledge can be incorporated



ML vs. Bayesian inference

ML methods are appropriate when
e Inferential signal is fairly strong
 Datasets are very large (practicality)

Choice often comes down to personal preference, and the
results of inference will be similar

Often the results of both methods are shown



ML phylogenetics
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ML phylogenetics

e Likelihood is still just a function to be optimized

e But, with some unique aspects

 Tree topology is a strange discrete parameter

 Branch-length parameters aren’t equivalent on
different trees

e Optimal parameter values are strongly correlated



Scoring a topology
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Scoring a topology
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Scoring a topology
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Scoring a topology
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The likelihood of a topology

e Single topology essentially represents range of
likelihood scores, depending on parameter values

e Likelihood of a given tree and specific parameter
values can be calculated quickly



The maximized likelihood of a topology

e The “likelihood of a tree’: the likelihood with other

parameters at their optimal values (“maximized
likelihood”)

e |’ll talk mainly about the optimization of branch-
length parameters



XX X X XY

Obtaining the maximized likelihood

InL.=£(T, 0.1, 0.1, 0.2, 0.1 ... 1.0, 2.0, 3.0 ...) =-242.83

InL.=fT, 0.1, 0.1, 0.08, 0.1 ... 1.0, 2.0, 3.0 ...) =-241.52
InL. = f(T, 0.05, 0.1, 0.08, 0.1 ... 1.0, 2.0, 3.0 ...) =-241.23

InL = f(T, 0.05, 0.1, 0.08, 0.16 ... 1.0, 2.0, 3.0 ...) =-241.11

InL = f(T, 0.05, 0.23, 0.08, 0.16 ... 1.2, 4.6, 1.7 ...) =-239.31

InL. = f(T, 0.05, 0.23, 0.12, 0.16 ... 1.2,4.6,1.7 ...) =-239.29

Etc.



Parameter optimization

« Many methods, generally based on slope of
likelihood surface or bracketing of maximum

 Often done sequentially, but not required



Branch-length optimization
(Newton-Raphson method)

N-R estimate
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Maximized likelihood: pros

e By definition, our goal is to find the topology with
the highest maximized likelihood

e |f we calculate it for every tree we examine, we’ll
always know which tree is the best



Maximized likelihood: cons
* Fully optimizing even a single branch length can
take a lot of computation

e When one parameter changes, optimal values of
all others also change



Maximized likelihood: cons

e As optimization is applied (and applied, and
applied, ...), maximized likelihood approached
asymptotically

e This is the majority of the computation required
in ML inference, and it grows quickly as the
number of sequences increases



Inference

time

Starting

topology

# of topologies

Modify
topology

to evaluate
Evaluate
new

topology
Compare
topology

scores
Select

topology

Heuristic runtimes

time to
evaluate each

Both are strongly a
function of
the # of sequences
when calculating
maximized likelihood



What other options do we have?

« We want to accurately judge the merits of
topologies, as ifwe had the maximized likelihood

... but without actually calculating it

« We’'ll explore the idea of an approximate
likelihood score for topologies



How accurate does a tree
likelihood estimate need to be?

Maximized

¢ < likelihood
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How accurate does a tree
likelihood estimate need to be?

Acceptable
range of
estimate

< o> X
A B C



How accurate does a tree
likelihood estimate need to be?

(when tree scores are more similar)

Acceptable

I _}-range of

r estimate

< o> X
A B C



Parameter optima and tree changes

maximized likelihood

change tree
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Parameter optima and tree changes

maximized likelihood
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How important are branch-length values?

(three example branches in a specific 64-taxon tree)

In Likelihood
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Branch length importance

 |f even one branch length is far from optimal, the
estimated likelihood will not be useful

e How can we get around optimizing every branch
length on every tree?



Using topological similarity
During a tree search we don’t compare trees drawn at
random

Trees compared are usually very similar — in fact they are
created by slightly modifying an existing tree

We can capitalize on this when dealing with branch-length
parameters



Searching with approximate likelihoods

Branch lengths are
optimized on a starting
topology




Altering the tree - subtree pruning-regrafting (SPR)



Altering the tree - subtree pruning-regrafting (SPR)




Altering the tree - subtree pruning-regrafting (SPR)




Scoring and optimizing the new topology

Branches

Branch fused

broken



Scoring and optimizing the new topology

Other changes
in optimal
branch lengths?




Where do optimal branch lengths change?
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0.1

Optimal branch lengths
only change here




This radius is not
strongly dependent
on tree size!




GARLI’s post-swap optimization

Optimization rules:

1. Optimize the 3 most important
branches until they are near their
optimal values

2. “Propagate” optimization to other
branches outward

3. If aparticular branch requires
optimization, continue to propagate
outward

4. After full propagation, return to each
branch that was changed for another
optimization pass
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Conclusions

GARLLI’s localized method makes branch-length
optimization largely independent of the number of
seguences

Several other fast ML heuristics also owe part of their
speed to localized optimization (PHYML, RAxML)



What about model parameters?

Also have different optimal values depending on the
topology, branch lengths and other parameter values

Fortunately, strong correlations between optimal model
parameter values and topologies are not common

GARLI also avoids optimizing of the model parameters on
each tree



Tree inference at different model levels



Models of sequence evolution

Nucleotide: 4 states

Amino acid (20 states)



Models of sequence evolution

Nucleotide: 4 states

Amino acid (20 states)

Codon (60-62 states)



Model level pros and cons

e Nucleotide models

e fast and simple

 use all substitutions

e Amino acid models
e use information from observed AA exchange frequencies

e jgnore synonymous substitutions

e Codon models (simple ones):

e use information from the genetic code
e deal with non-independence of codon positions

o computationally difficult



Parameter numbers

 Note: non-nucleotide models have larger state
spaces, but often fewer free parameters



When can we use codon models for tree
inference?

Protein coding genes

Alighed on codon boundaries

Known and constant genetic code

Don’t need a tree in the next hour



When should we use codon models for tree
inference?

e Mixture of divergent and closely related sequences



Example search statistics:

(very divergent 72 taxon x 6288 column alignment)

Average runtimes:

Approx Time /

States Model Search




Example search statistics:

(very divergent 72 taxon x 6288 base alighment)

Average runtimes:

Approx Time /

States Model Search

Ratio (exp)

WAG+F+l+G 2 hr 34 min 6.8 (8.3)




Example search statistics:

(very divergent 72 taxon x 6288 base alighment)

Average runtimes:

Approx Time / Time for 512

States e Search Ratio (€xP)  ‘pootstraps




Example search statistics:

(very divergent 72 taxon x 6288 base alighment)

Average runtimes:

Approx Time / Time for 512 Minimum

States R Search Ratio (exP)  pootstraps ~ memory




Experiment

1. Infer trees at multiple model levels using full
mitochondrial or chloroplast genomes

2. Infer trees for individual genes at each model
level

3. Compare gene trees to genome trees as some
proxy for inferential power, accuracy or
repeatability



Individual gene analyses

(shallow divergence)
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Conclusions

My (limited) empirical results don’t suggest a large
accuracy advantage to using codon models (simulations
may disagree)

* Ignoring w rate variation across codons can be detrimental
to phylogenetic accuracy (inappropriate codon models
can do worse than nucleotide)



Conclusions

e Although nucleotide and amino acid models each perform

well at certain levels of divergence, codon models do fairly
well across the board

« Many improvements to codon models are possible, and are
likely to increase their utility for tree inference



Using gap characters

GARLI implements two models appropriate for use on gaps
(not fully available yet)

DIMM model based on Rivas and Eddy (2008)
 Real model of insertion-deletion process
 Non-reversible, dollo (one insert, multiple delete)

Variant of Mk, (Lewis, 2001) model (no full gap columns)
* Allows many gap-base transitions



Fixed alignment analysis options

gapped alignment

Taxon ', Character
hoyliMyZ148929
luteiventris_MT

ternaorariaDMHEAR 1
sylvaticaMVZ13742
sylvaticaDMHB4R43
septentrianales
catesbianaDMHE4R2
virgatipesMVZL759
palmipesyenANMNH
palmipesEcuKU20444
Sp 1 ecuadorQCA
bwanaQCAZ13964
JulianiTNHCE0324
vaillantKuL185299
sierramadrensisKl

Taxtn 4 Charact=n
DIy 2 14001
lutzrezrsns M1
riusioysMVZL, 3006
CasiadaehTVZ 48545

11C60324
KU135099
<hrramad wralek.)
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ignore gaps, e.g. GTR
(the usual)



Taxon ', Character
boyliMyZ148929
luteventris_MT
muscosaMVZ149006 |
cascadaeMyZ14394¢
ternaorariaDMHEAR 1
sylvaticaMVZ13742
sylvaticaDMHB4R43
septentrianales
catesbianaDMHE4R2
virgatipesMVZL759
palmipesyenANMNH
palmipesEcuKU20444
Sp 1 ecuadorQCA
bwanaQCAZ13964
JulianiTNHCE0324
vaillantKuL185299
sierramadrensisKl
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lutzrezrsns M1

riusioysMVZL, 3006
CasiadaehTVZ 48545
remaataank 4a4R1

Seplentioraks
FArCea AN IMEHARS
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SE_1_eeLadar(ia
ACLALL S0
ulieriThIIC60324
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Fixed alignment analysis options

gapped alignment

ignore gaps, e.g. GTR

(the usual)

Taxen 4 Chatact=t
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5-state approach
(e.g., Rivas and Eddy)



Taxon ' Character
hoyliMyZ148929
luteiventris_MT

ternaorariaDMHS4R 1
sylvaticaMVZ13742
sylvaticaDMHB4R43
septentrianales
catesbianaDMHE4R2
virgatipesMvVZL759
palmipesVenANMNH
palmipesEcuKU20444
Sp 1 ecuadorQCA
bwanaQCAZ13964
JulianiTNHCE0324
vaillantkKu195299

sierramadrensisKl)

Tazen 4 Characts
DIy 2 14001
lutzrezrsns M1
riusioysMVZL, 3006
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remaaraank HA4K1
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Fixed alignment analysis opti

gapped alignment

ignore gaps, e.g. GTR
(the usual)

“gapcode”
matrix
&
use partitioned
model

Taxen 4 Chatact=t
Doyl 136976
Iursteareris 811

ay iz CAISARAD
sepleilise ks

FALE45 A0A I E4R
At 17 Y

ACCALT 5004
uheri TR IICG03 24
iKU135299
SRrramadensic .

5-state approach
(e.g., Rivas and Eddy)
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Tasen 4 Characrer
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MWSEsaMZ143006
FaeaAnchT 4Rl
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sy valiveMvZ13742
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2pn a
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paliipeserAMNE
PAIFIE kLKL 184
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i iThHCE03Z4

)

serramad ersisk
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Gap model accuracy - 64 taxa, estimated alignments
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Part of the problem: innocuous alignhment errors

Taxon \ Character
boyliiMVZ148929
luteiventris_MT
muscosaMVZ149006 |
cascadaeMVZ148946
temporariaDMH84R1 |
sylvaticaMVZ13742
sylvaticaDMH84R43
septentrionales
catesbianaDMH84R?2
virgatipesMVZ1759
palmipesVenAMNH
palmipesEcukU20447
Sp_1_ecuadorQCA
bwanaQCAZ13964
julianiTNHC60324
vaillantiKU195299
sierramadrensisKU
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Innocuous alignment errors?

I T N I N A R D R B D B N A B B!



Innocuous alignment errors?

e GTR - no events, little effect
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Innocuous alignment errors?

e GTR - no events, little effect

e Mk, - 2 events, moderate effect

O H OO OO OO O OO OO OO O

I T N I N A R D R B D B N A B B!



Innocuous alignment errors?

GTR - no events, little effect
Mk, - 2 events, moderate effect

DIMM - 5 deletions! strong effect
(Dependent on tree size!!)

O H OO OO OO O OO OO OO O



Conclusions

* Insertion deletion events can provide useful
phylogenetic signal if properly modeled

« BUT, without correct column homology they can
do more evil than good



Using GARLI in practice



Using GARLI in practice

 Performance comparisons
 Allowed models

e Search strategies



Performance comparisons against other
software

e More subjective than one would like:
 What constitutes comparable analyses?

 What criteria should be used to compare methods?

 Models and likelihood values often not exactly
comparable

 Most software can be “tuned” to perform better on any
particular dataset

e Simulated datasets are far too easy to analyze



InL From Best

Performance comparison:
132 taxon x 1880 nucleotide dataset
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InL From Best

Performance comparison: “Treezilla

”»

500 taxon x 1398 nucleotide dataset
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log-likelihood

Performance comparison:

228 taxon x 4811 nucleotide dataset

-122025

-122030

-122035

-122040

-122045

-122050

-122055 |

-122060

Several GARLI
runs 100’s worse

\4

GARLI-GAMMA
RAXML-GAMMA
RAXML-CAT

0 1

2 3
runtime (hours)




Performance generalizations

For small datasets, all of the programs perform well

For large datasets (hundreds of sequences):
e Optimality of the results of RAXML and GARLI overlap broadly

e PHYML v2.4 is often somewhat less optimal

 GARLI often has a slight edge in optimality (although often
more variability)

 Runtimes vary, with RAXML generally the fastest

RAXML is very efficient for huge datasets (thousands of
sequences)



Performance generalizations

e There can be substantial differences in which program
performs best depending on the specific dataset



Available evolutionary models

 Model availability is another criterion for choosing among
software

GARLI, RAXxML and PHYML all allow nucleotide and
amino acid analyses, GARLI (and now PHYML) allow
codon

GARLI and RAXML implement models for non-sequence
data (Mk and Mk,)

GARLI offers a greater variety of nucleotide models
(any submodel of GTR)

GARLI and RAXML implement partitioned models, with
GARLI allowing more flexibility

GARLI will soon have publicly available gap models



Evolutionary models

e GARLI is geared toward model flexibility and
rigorous parameter estimation



Search strategies in GARLI

 Multiple search replicates must ALWAYS be
done

e |f variable results across search replicates seen:
e Make changes to improve the search
e and/or do more search replicates



Search repeatability and multiple replicates




Search repeatability and multiple replicates
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Search difficulty

« On average:
 More sequences = worse
 More characters (signal) = better

o # parsimony informative sites better indicator of
signal than total # of sites



Tuning search intensity

Tradeoff between search intensity and runtimes

Not always a direct relationship between search intensity
and solution optimality

Given a certain amount of time, how can we best use it?



Balancing search intensity and runtimes

Per run, more likely
to find global

optimum 3 thorough searches

May be more likely
to find global
optimum
within H hours 6 fast searches



In-Likelihood
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An empirical example

(50 search replicates each )

142 taxa x 6804 nucleotides
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In-Likelihood
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An empirical example

142 taxa x 6804 nucleotides

average
search search
average InL .
strategy runtime
(hrs.)
fast -188578.10 1.18

medium -188577.68 1.95

intense -188577.11 2.81




An empirical example

142 taxa x 6804 nucleotides

average proportion
search averaae InL search of searches
strategy 9 runtime finding the
(hrs.) best tree
fast -188578.10 1.18 0.16
medium -188577.68 1.95 0.18
intense -188577.11 2.81 0.22




An empirical example

142 taxa x 6804 nucleotides

average proportion searches
search search of searches .
average InL . . possible
strategy runtime finding the | .
in 100 hrs.
(hrs.) best tree

fast -188578.10 1.18 0.16 84.56

medium | -188577.68 1.95 0.18 51.30

intense -188577.11 2.81 0.22 35.57




An empirical example

142 taxa x 6804 nucleotides

average proportion searches expected #
search search of searches . best trees
average InL . . possible .
strategy runtime finding the in 100 hrs found in
(hrs.) best tree “| 100 hrs.
fast -188578.10 1.18 0.16 84.56 13.53
medium -188577.68 1.95 0.18 51.30 9.23
intense -188577.11 2.81 0.22 35.57 7.82

Despite the more intense searches having better average scores
and being more likely to find the best tree per search, they are less

likely to find the best tree per unit time




Practical search recommendations
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Practical search recommendations

Search repeatability is good indicator of how analyses are
going (much like convergence of independent MCMC runs)

In general, saturating the search space (lots of searches)
may be better than very long searches

On some large datasets you are unlikely to get the same
tree twice



How else can I speed up/improve searches?

e Eliminate identical sequences!

 Constrained tree searches won’t necessarily
help

e Starting tree

 Providing a decent (potentially unresolved) starting
tree can help on large datasets



What about bootstrapping?

GARLI can run multiple search replicates per bootstrap
reweighting, with the best scoring tree saved

More intense searches add up quickly when bootstrapping

Best to find the fastest settings that give consistent results
on the real data and use those for bootstrapping



Partitioning

GARLI 2.0 allows partitioned models

Allows use of any GTR submodel for each
nucleotide subset

Allows combination of DNA, AA, codon and
morphology models



How/when to partition

Little work done in an ML framework
Many, many combinations of possible models

In principle the AIC method should allow choice between
model assignments and partitioning schemes

Smaller subsets increase sampling error, lead to
parameter estimation difficulties and model breakdown

Over-partitioning may have serious consequences in ML
inference, probably less in Bayesian



Assorted GARLI features

A single data file may be analyzed at the nucleotide, amino
acid and codon levels without making any changes to it

Multithreaded version for multiple CPU cores
MPI version simplifies bootstrapping on clusters
Full checkpointing functionality

Searching with topological constraints (positive, negative,
backbone)



Other assorted GARLI features

Specification and fixation of model parameter values

Site-likelihood output for all models including partitioned,
for input into CONSEL, etc.

Ancestral state reconstruction for all models

Eventually: Beagle GPU version



Computer exercises



