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Introduction: Phylogenetic Reconstruction

Reconstruction
Method

Phylogeny
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Main Types of Phylogenetic Methods

Data Method
Evaluation
Criterion

Maximum Parsimony Parsimony

Characters
(Alignment)

 Statistical Approaches:

Likelihood, Bayesian


Evolutionary

Models

Distances Distance Methods
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Complexity of phylogenetic methods

Steiner tree problem = NP-complete (Foulds+Graham, 1982)

Maximum parsimony = NP-complete (Day et al., 1986)

Compatibilitiy trees = NP-complete (Day+Sankoff, 1986)

Dissimilarity matrices = NP-complete (Day, 1987)

Perfect trees = NP-complete (Bodlaender et al., 1992)

Ancestral ML = NP-complete (Addario-Berry et al., 2004)

Maximum likelihood trees = NP-hard (Chor+Tuller, 2005)
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Growth rates of molecular sequence data
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Number of Trees to Examine. . .

B

A
C

B(n) = (2n−5)!
2n−3(n−3)!

B(10) = 2027025
B(55) = 2.98 · 1084

B(100)= 1.70 · 10182
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Finding the ML Tree

Exhaustive Search: guarantees to find the optimal tree, because all trees
are evaluated, but not feasible for more than 10-12 taxa.

Branch and Bound: guarantees to find the optimal tree, without searching
certain parts of the tree space – can run on more sequences,
but often not for current-day datasets.

Heuristics: cannot guarantee to find the optimal tree, but are at least
able to analyze large datasets.

Parallel Heuristics: Like above, but need shorter running time.
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How to parallelize?
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How to parallelize?
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Compute the ML value for one tree

Choose a branch (no time)

Move the virtual root to an adjacent node (no time)

Compute all partial likelihoods recursively (quick)

Adjust length to maximize the likelihood (slow)

Repeat for all branches and start over until convergence
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Tree search with topology rearrangements

full tree
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C D

E
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Tree search with topology rearrangements
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Tree search with topology rearrangements

Subtree Pruning + Regrafting (SPR)
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Tree search with topology rearrangements
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ML Programs (Parallel and Sequential)

Guindon+Gascuel, 2003

IQPNNI
Vinh+von Haeseler, 2004

pIQPNNI (MPI,OpenMP)
Minh et al., 2006

PHYML−SPR
Hordijk+Gascuel, 2006

pIQPNNI (MPI)
Minh et al., 2005

AxML (MPI)
Stamatakis et al., 2002

fastdnaml (MPI)
Steward et al., 2001

DPRml (Grid)
Keane et al., 2005

RAxML−VI−HPC (MPI)
Stamatakis, 2006

RAxML−III (MPI)
Stamatakis et al., 2005

DRAxML@home
Stamatakis et al., 2005

TREE−PUZZLE (MPI)
Schmidt et al., 2001

DNAML
Felsenstein, 1981

(parmacs, MPI)
pfastdnaml

Schmidt, 1996

fastdnaml (p4)
Olsen et al., 1994

PUZZLE
Strimmer+von Haeseler, 1996

PHYML
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The Quartet Puzzling Algorithm

Runtime-Profile

64 sequences, 1000 bp
Parameters: 1.27%
ML Step: 43.15%
Puzzling Step: 55.53%
Consensus Step: 0.05%

reconstruction
quartet tree

estimation
parameter

puzzling trees

consensus tree
branch lengths, ML value

assemble into many

ML Step:

Puzzling Step:

Consensus Step:
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Parallel Parameter Estimation
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Number of Worker Processors

Speedup in Parameter Estimation

  50 seq,   289aa
  32 seq, 1000nt
  48 seq, 1000nt
  64 seq, 1000nt
128 seq, 1000nt
ideal speedup

Scheduling: Static chunking

Granularity: fine grain

Tasks: (n2 − n)/2
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Parallel ML Step
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Speedup in ML Step
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)
Heiko A. Schmidt Parallel Phylogeny Reconstruction



Parallel Puzzling Step
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50 seq,   289aa
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48 seq, 1000nt
64 seq, 1000nt
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Total TREE-PUZZLE speedup
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The IQPNNI Algorithm

Runtime-Profile

Initial step: 1-9%
Second part: 91-99%

better tree?

delete and
re−insert taxa

update best tree

stop?

yes

yes

no

no

FastNNI

BioNJ tree

FastNNI Optimization

IQP:
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The IQPNNI Algorithm

Runtime-Profile

Initial step: 1-9%
Second part: 91-99%

yes

no

BioNJ tree

FastNNI

better tree?

Wait for results

STOP: send signal

stop?

update best tree

no

yes

M
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Worker Process

Worker Process
in
trees

trees
out

FastNNI

IQP

FastNNI

IQP
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IQPNNI Optimization Step
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Number of Workers

1000 seq, 1000 nt, 300 it
218 seq, 4182 nt, 300 it
500 seq, 1398 nt, 300 it
74 seq, 4013 aa, 200 it

linear speedup

Scheduling: tasks independent, workers are running in loops

Granularity: coarse grain

Tasks: many, at least 2n
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Total IQPNNI speedup
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Hybrid MPI-OpenMP Approach to IQPNNI
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What about reliability of the trees?

The problem with those methods is that:

one only gets a single tree with branch lengths,

but not measure of reliability of the groupings in such a tree.

The usual way to overcome this is to draw bootstrap samples and to
re-construct trees from these.
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Bootstrapping using clusters or Grids

A

..AGGUUCGAAA..

..AGGCUCCAAA..

..AGCCCCGAAA..

..AUUUCCGAAC..

Alignment

F
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D

C

B
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Bootstrapping using clusters or Grids
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Bootstrapping using clusters or Grids
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Bootstrapping using clusters or Grids
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Bootstrapping using clusters or Grids

Generate Bootstrap Samples
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Bootstrapping using clusters or Grids
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Bootstrapping using clusters or Grids

Construct Consensus
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Bootstrapping using clusters or Grids

Compute ML Tree
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Future work

Make

Samples

Bootstrap

Trees

Consensus

p
0
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p
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... p
0

p
1

p
P

...

Parallel tasks within the workflow:

Dynamically increasing the amount of parallel tasks in the workflow,

should lead to a better load balancing,

and should keep the CPUs equally busy until the end.

The increased communication overhead should be made up for by the
better usage of the hardware and the reduced running time.
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