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Outline of the Tutorial 
1.! Look at PASTA webpage and go through installation options 
2.! Start a PASTA run on a 16S dataset with 1,900 sequences 

3.! While this runs, we will briefly discuss PASTAÕs algorithmic 
details 

4.! We will examine the output of PASTA on the sample 16S 
datasets (and compare PASTA results to other tools) 

5.! We will briefly look at command-line usage 
6.! We will explore options of PASTA both on the GUI and 

command-line 
7.! Briefly examine run_seqtools.py and how alignment formats 

can be converted and gappy sites can be removed 



URLs 
¥!Tutorial:

http://www.cs.utexas.edu/~phylo/software/pasta-
tutorial.html  

 
¥!Webpage: www.cs.utexas.edu/~phylo/software/pasta/  

¥!Google user group: pasta-users@googlegroups.com  

¥!Github: https://github.com/smirarab/pasta  
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(MAFFT-L-INS-I)!
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PASTA: SATŽ-II with a new merging algorithm 

 
 

 
 



Default starting tree 
1.! Select 100 sequences randomly (backbone sequences) 

2.! Use MAFFT-lnsi to align these 100 sequences 

3.! Use HMMER to align the remaining sequences to the 
alignment on the backbone 



Building subsets (decomposition) 

Starting Tree (or tree from previous iteration) 



Centroid branch decomposition 

Break into two halves based on centroid edge 



Centroid branch decomposition 

Continue breaking up and stop when subsets are smaller than  
maximum subset size (4 here; by default 200 for large datasets). 



Centroid branch decomposition 
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When all subsets are small enough, decomposition stops 



Building the spanning tree 
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Label internal nodes based on their subsets 



Building the spanning tree 
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¥!Break the ties using 
shortest branch contraction 



Aligning each subset 

¥!Use MAFFT-L-INS-I by default 
¥!Can use any tools here 
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Merging adjacent sub-alignments 

¥!Use OPAL by default 
¥!Any alignment merger that keeps input homologies 
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Merging on the spanning tree 
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Merging on the spanning tree 
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Transitivity merge 
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Merging on the spanning tree 
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Merging on the spanning tree 
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Optionally make a tree 

¥!Use FastTree by default 
¥!Extremely fast (but very poor parallelism) 
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Results 



SATŽ-II running time profiling 
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PASTA vs. SATe2 profiling and scaling 

10 PASTA: ultra-large multiple sequence alignment
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Fig. 5. Running time comparison of PASTA and SAT«e. (a) Running time pro-
Þling on one iteration for RNASim datasets with 10K and 50K sequences (the dotted
region indicates the last pairwise merge). (b) Running time for one iteration of PASTA
with 12 CPUs as a function of the number of sequences (the solid line is Þtted to Þrst
two points). (c) Scalability for PASTA and SAT«e with increased number of CPUs.

reason SAT«e uses so much time is that all mergers are done hierarchically using
either Opal (for small datasets) or Muscle (on larger datasets), and both are
computationally expensive with increased number of sequences. For example,
the last pairwise merge within SAT«e, shown by the dotted area in Figure 5a,
is entirely serial and takes up a large chunk of the total time. PASTA solves
this problem by using transitivity for all but the initial pairwise mergers, and
therefore scales well with increased dataset size, as shown in Figure 5b (the
sub-linear scaling is due to a better use of parallelism with increased number of
sequences). Finally, Figure 5c shows that PASTA is highly parallelizable, and
has a much better speed-up with increasing number of threads than SAT«e does.
While PASTA has a much improved parallelization, it does not quite scale up
linearly, because FastTree-2 does not scale up well with increased thread count.

Divide-and-Conquer strategy: impact of guide tree. We also investigated the
impact of the use of the guide tree for computing the subset decomposition,
and hence deÞning the Type 1 sub-alignments. We compared results obtained
using three di! erent decompositions: the decomposition computed by PASTA
on the HMM-based starting tree, the decomposition computed by PASTA on
the true (model) tree, and a random decomposition into subsets of size 200,
all on the RNASim 10k dataset. PASTA alignments and trees had roughly the
same accuracy when the guide tree was either the true tree or the HMM-based
starting tree (Table 3). However, when based on a random decomposition, tree
error increased dramatically from 10.5% to 52.3%, and alignment scores also
dropped substantially. Thus, the guide-tree based dataset decomposition used
by PASTA provides substantial improvements over random decompositions, and
the default technique for getting the starting tree works quite well.
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PASTA Running Time and Scalability 

10 PASTA: ultra-large multiple sequence alignment
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Fig. 5. Running time comparison of PASTA and SATé. (a) Running time pro-
Þling on one iteration for RNASim datasets with 10K and 50K sequences (the dotted
region indicates the last pairwise merge). (b) Running time for one iteration of PASTA
with 12 CPUs as a function of the number of sequences (the solid line is Þtted to Þrst
two points). (c) Scalability for PASTA and SAT«e with increased number of CPUs.

reason SAT«e uses so much time is that all mergers are done hierarchically using
either Opal (for small datasets) or Muscle (on larger datasets), and both are
computationally expensive with increased number of sequences. For example,
the last pairwise merge within SAT«e, shown by the dotted area in Figure 5a,
is entirely serial and takes up a large chunk of the total time. PASTA solves
this problem by using transitivity for all but the initial pairwise mergers, and
therefore scales well with increased dataset size, as shown in Figure 5b (the
sub-linear scaling is due to a better use of parallelism with increased number of
sequences). Finally, Figure 5c shows that PASTA is highly parallelizable, and
has a much better speed-up with increasing number of threads than SAT«e does.
While PASTA has a much improved parallelization, it does not quite scale up
linearly, because FastTree-2 does not scale up well with increased thread count.

Divide-and-Conquer strategy: impact of guide tree. We also investigated the
impact of the use of the guide tree for computing the subset decomposition,
and hence deÞning the Type 1 sub-alignments. We compared results obtained
using three di! erent decompositions: the decomposition computed by PASTA
on the HMM-based starting tree, the decomposition computed by PASTA on
the true (model) tree, and a random decomposition into subsets of size 200,
all on the RNASim 10k dataset. PASTA alignments and trees had roughly the
same accuracy when the guide tree was either the true tree or the HMM-based
starting tree (Table 3). However, when based on a random decomposition, tree
error increased dramatically from 10.5% to 52.3%, and alignment scores also
dropped substantially. Thus, the guide-tree based dataset decomposition used
by PASTA provides substantial improvements over random decompositions, and
the default technique for getting the starting tree works quite well.

¥! One iteration 

¥! Using  
¥! 12 cpus 
¥! 1 node on Lonestar TACC 
¥! Maximum 24 GB memory 

¥! Showing wall clock running time  
¥! ~ 1 hour for 10k taxa 
¥! ~ 17 hours for 200k taxa 
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¥! Simulated RNASim datasets from 10K to 200K taxa 
¥! Limited to 24 hours using 12 CPUs 
¥! Not all methods could run (missing bars could not finish) 
 

Tree Error Ð Simulated data 



PASTA vs. SATe-II 
¥!Main difference is how subset alignments are merged 

together (transitivity instead of Opal/Muscle).  

¥!As expected, PASTA is faster and can analyze larger 
datasets.  

¥!Unexpected: PASTA produces more accurate alignments 
and trees.  

¥!Thus, transitivity applied to compatible and overlapping 
alignments gives a surprisingly accurate technique for 
merging a collection of alignments.  

 



PASTA vs SATe-II 
¥!For datasets of roughly up to 1000 sequences, there is 

likely very little difference in either speed or accuracy 

¥!For larger datasets, PASTA is faster and more accurate 

¥!PASTA tends to generate gappier alignments (due to 
transitivity merge).  
¥! This reduces FP 

¥! Gappy sites can be masked out 



Summary 
¥!PASTA gives very accurate alignments and trees for 

datasets with hundreds of thousands of taxa in less than a 
day with just a few CPUs. 

 

 

¥!PASTA is publically available for MAC and Linux (open-
source):   

¥!http://www.cs.utexas.edu/~phylo/software/pasta/ 
https://github.com/smirarab/pasta  



Acknowledgments 
¥!HHMI International student fellowship to SM 

¥!NSF DEB 0733029 and  

  University of Alberta grant to Tandy Warnow 

¥!Nam Nguyen 



BACK TO TUTORIAL 



Questions? 



Multiple Sequence Alignment (MSA) 

S1: AACGTTACG 
S2: ACGTTACCGA 
S3: TCGTAACACGA 
S4: TACGTTACCCA 



Multiple Sequence Alignment (MSA) 

S1: AA-CGTTAC--G- 
S2: A--CGTTAC-CGA 
S3: T--CGTAACACGA 
S4: T-ACG-TAC-CCA  



SATŽ-II: centroid edge decomposition 

A

B

C

D

E

ABCDE 
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Improve scalability and accuracy 
(SATŽ limited to 8000 sequences) 
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PASTA merging: Step 1 
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Compute a spanning tree connecting alignment subsets 
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PASTA merging: Step 2 
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E B 
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BD 

CD 

DE 

AB 
BD 

CD 

DE 

Use Opal (or muscle) to merge adjacent 
subset alignments in the spanning tree 



PASTA merging: Step 3 

D 

C 

E B 

A 

Use transitivity to merge all pairwise-merged alignments 
from Step 2 into final an alignment on entire dataset 

AB + BD = ABD     
ABD + CD = ABCD 
ABCD + DE = ABCDE 
 

AB 
BD 

CD 

DE 

Overall: O(n log(n) + L) 



Homologies as equivalence relationships 

AACGTTAC--G-
A-CGTTAC-CGA
T-CGTAACACGA
TACGTTAC-CCA



Transitivity applies to equivalence  

AACGTTAC--G-
A-CGTTAC-CGA
T-CGTAACACGA

A-CGTTAC-CGA
T-CGTAACACGA
TACGTTAC-CCA

AA-CGTTAC--G-
A--CGTTAC-CGA
T--CGTAACACGA
T-ACGTTAC-CCA



Evaluation 
¥! Datasets: 

¥! Simulations: 10k Ð 200k sequences (known true alignment/tree), RNASim 
(Junhyong Kim, UPenn) 

¥! Biological: 6k to 27k 16S RNA sequences, with structure-based curated 
alignment and RAxML reference tree on curated alignment (with low bootstrap 
support edges contracted) 

¥! Alignment accuracy 
¥! Sum-of-pairs: Proportion of shared homologies (mean of SP and modeler 

score) 

¥! True Column Score: number of columns recovered entirely correctly 

¥! Tree error:  
¥! Missing Branch Rate: proportion of branches in the true/reference tree that are 

not found in the estimated tree 

¥! Estimated trees are always ML (FastTree-II) on estimated alignments 

¥! Platform: 12 CPUs, 24 hours maximum running time, TACC 



Methods 
¥!ÒStarting treeÓ:  

¥! Select a random subset of 100 ÒbackboneÓ sequences 

¥! Estimate an MSA on these sequences (using MAFFT) 

¥! Build a HMMER model on the backbone alignment 

¥! Add the remaining sequences into backbone MSA using HMMER  

¥!PASTA: 3 iterations up to 24 hours, starting from Òstarting 
treeÓ, MAFFT for aligning, Opal for pairwise merging  

¥!SATŽ-II: the same exact settings as PASTA 
¥!MAFFT-Profile: Similar to Òstarting treeÓ, but MAFFT-add 

command is used to add sequences to the backbone.  

¥!Muscle 
¥!ClustalW 



Tree Error Ð Biological data 
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Fig. 3. Alignment accuracy on the RNASim 10K-200K (left) and biological
(right) datasets. We show the number of correctly aligned sites (top) and the average
of the SP-score and modeler score (bottom). The starting alignment was incomplete on
the 16S.T dataset, and so no result is shown for the starting alignment on that dataset.

were recovered entirely correctly. Another interesting trend is that as the number
of sequences increases, the alignment accuracy decreased for MAFFT-proÞle but
not for PASTA.

The biological datasets are smaller (see Table 1) and so are not as challenging.
On the 16S.T dataset, the starting alignment did not return an alignment with
all the sequences on the 16S.T dataset because HMMER considered one of the
sequences unalignable. However, the starting alignment technique had good SP-
scores for the other two datasets. Of the remaining methods, PASTA has the
best sum-of-pairs scores (bottom panel), and MAFFT-proÞle has only slightly
poorer scores; the other methods are substantially poorer. With respect to TC
scores, on 16S.B.ALL and 16S.T, PASTA is in Þrst place and SAT«e is in second
place, but they swap positions on 16S.3. TC scores for the other methods are
clearly less accurate, though Muscle does fairly well on the 16S.B.ALL dataset.

Comparison to SAT«e on 50,000 taxon dataset. SAT«e could not Þnish even one
iteration on the RNASim with 50,000 sequences running for 24 hours and given
12 CPUs on TACC. However, we were able to run two iterations of SAT«e on a
separate machine with no running time limits (12 Quad-Core AMD Opteron(tm)
processors, 256GB of RAM memory). Given 12 CPUs, each iteration of SAT«e
takes roughly 70 hours, compared to 5 hours for PASTA, and as shown next, the
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the 16S.T dataset, and so no result is shown for the starting alignment on that dataset.

were recovered entirely correctly. Another interesting trend is that as the number
of sequences increases, the alignment accuracy decreased for MAFFT-proÞle but
not for PASTA.

The biological datasets are smaller (see Table 1) and so are not as challenging.
On the 16S.T dataset, the starting alignment did not return an alignment with
all the sequences on the 16S.T dataset because HMMER considered one of the
sequences unalignable. However, the starting alignment technique had good SP-
scores for the other two datasets. Of the remaining methods, PASTA has the
best sum-of-pairs scores (bottom panel), and MAFFT-proÞle has only slightly
poorer scores; the other methods are substantially poorer. With respect to TC
scores, on 16S.B.ALL and 16S.T, PASTA is in Þrst place and SAT«e is in second
place, but they swap positions on 16S.3. TC scores for the other methods are
clearly less accurate, though Muscle does fairly well on the 16S.B.ALL dataset.

Comparison to SAT«e on 50,000 taxon dataset. SAT«e could not Þnish even one
iteration on the RNASim with 50,000 sequences running for 24 hours and given
12 CPUs on TACC. However, we were able to run two iterations of SAT«e on a
separate machine with no running time limits (12 Quad-Core AMD Opteron(tm)
processors, 256GB of RAM memory). Given 12 CPUs, each iteration of SAT«e
takes roughly 70 hours, compared to 5 hours for PASTA, and as shown next, the
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Fig. 3. Alignment accuracy on the RNASim 10K-200K (left) and biological
(right) datasets. We show the number of correctly aligned sites (top) and the average
of the SP-score and modeler score (bottom). The starting alignment was incomplete on
the 16S.T dataset, and so no result is shown for the starting alignment on that dataset.

were recovered entirely correctly. Another interesting trend is that as the number
of sequences increases, the alignment accuracy decreased for MAFFT-proÞle but
not for PASTA.

The biological datasets are smaller (see Table 1) and so are not as challenging.
On the 16S.T dataset, the starting alignment did not return an alignment with
all the sequences on the 16S.T dataset because HMMER considered one of the
sequences unalignable. However, the starting alignment technique had good SP-
scores for the other two datasets. Of the remaining methods, PASTA has the
best sum-of-pairs scores (bottom panel), and MAFFT-proÞle has only slightly
poorer scores; the other methods are substantially poorer. With respect to TC
scores, on 16S.B.ALL and 16S.T, PASTA is in Þrst place and SAT«e is in second
place, but they swap positions on 16S.3. TC scores for the other methods are
clearly less accurate, though Muscle does fairly well on the 16S.B.ALL dataset.

Comparison to SAT«e on 50,000 taxon dataset. SAT«e could not Þnish even one
iteration on the RNASim with 50,000 sequences running for 24 hours and given
12 CPUs on TACC. However, we were able to run two iterations of SAT«e on a
separate machine with no running time limits (12 Quad-Core AMD Opteron(tm)
processors, 256GB of RAM memory). Given 12 CPUs, each iteration of SAT«e
takes roughly 70 hours, compared to 5 hours for PASTA, and as shown next, the

ÒStarting alignmentÓ failed  
to align one sequence for 16S.T 
(hence could not be evaluated) 

Showing accuracy! Higher is better! 
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Fig. 3. Alignment accuracy on the RNASim 10K-200K (left) and biological
(right) datasets. We show the number of correctly aligned sites (top) and the average
of the SP-score and modeler score (bottom). The starting alignment was incomplete on
the 16S.T dataset, and so no result is shown for the starting alignment on that dataset.

were recovered entirely correctly. Another interesting trend is that as the number
of sequences increases, the alignment accuracy decreased for MAFFT-proÞle but
not for PASTA.

The biological datasets are smaller (see Table 1) and so are not as challenging.
On the 16S.T dataset, the starting alignment did not return an alignment with
all the sequences on the 16S.T dataset because HMMER considered one of the
sequences unalignable. However, the starting alignment technique had good SP-
scores for the other two datasets. Of the remaining methods, PASTA has the
best sum-of-pairs scores (bottom panel), and MAFFT-proÞle has only slightly
poorer scores; the other methods are substantially poorer. With respect to TC
scores, on 16S.B.ALL and 16S.T, PASTA is in Þrst place and SAT«e is in second
place, but they swap positions on 16S.3. TC scores for the other methods are
clearly less accurate, though Muscle does fairly well on the 16S.B.ALL dataset.

Comparison to SAT«e on 50,000 taxon dataset. SAT«e could not Þnish even one
iteration on the RNASim with 50,000 sequences running for 24 hours and given
12 CPUs on TACC. However, we were able to run two iterations of SAT«e on a
separate machine with no running time limits (12 Quad-Core AMD Opteron(tm)
processors, 256GB of RAM memory). Given 12 CPUs, each iteration of SAT«e
takes roughly 70 hours, compared to 5 hours for PASTA, and as shown next, the
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(right) datasets. We show the number of correctly aligned sites (top) and the average
of the SP-score and modeler score (bottom). The starting alignment was incomplete on
the 16S.T dataset, and so no result is shown for the starting alignment on that dataset.

were recovered entirely correctly. Another interesting trend is that as the number
of sequences increases, the alignment accuracy decreased for MAFFT-proÞle but
not for PASTA.

The biological datasets are smaller (see Table 1) and so are not as challenging.
On the 16S.T dataset, the starting alignment did not return an alignment with
all the sequences on the 16S.T dataset because HMMER considered one of the
sequences unalignable. However, the starting alignment technique had good SP-
scores for the other two datasets. Of the remaining methods, PASTA has the
best sum-of-pairs scores (bottom panel), and MAFFT-proÞle has only slightly
poorer scores; the other methods are substantially poorer. With respect to TC
scores, on 16S.B.ALL and 16S.T, PASTA is in Þrst place and SAT«e is in second
place, but they swap positions on 16S.3. TC scores for the other methods are
clearly less accurate, though Muscle does fairly well on the 16S.B.ALL dataset.

Comparison to SAT«e on 50,000 taxon dataset. SAT«e could not Þnish even one
iteration on the RNASim with 50,000 sequences running for 24 hours and given
12 CPUs on TACC. However, we were able to run two iterations of SAT«e on a
separate machine with no running time limits (12 Quad-Core AMD Opteron(tm)
processors, 256GB of RAM memory). Given 12 CPUs, each iteration of SAT«e
takes roughly 70 hours, compared to 5 hours for PASTA, and as shown next, the

ÒStarting alignmentÓ failed  
to align one sequence for 16S.T 
(hence could not be evaluated) 

Showing accuracy! Higher is better! 
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Figure S23: Alignment and tree error of different methods on the ten large AA datasets
with full reference alignments. PASTA used MAFFT-L-INS-i to align subalignments, and
MUSCLE to merge subalignments. ML Trees were estimated using RAxML under amino acid
substitution models selected using PROTEST (see Section S2.6.2).
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Running time 

PASTA: ultra-large multiple sequence alignment 9

Alignment Accuracy Tree Error Running Time
SP-scoreModeler score TC FN (hours)

PASTA-2iter 80.2% 81.8% 311 8.2% 10
SAT«e-2iter 20.5% 55.9% 30 12.6% 137

Table 2. Two iterations of PASTA compared to SAT«e on 50,000 RNASim given more
than 24 hours of running time (outside TACC).
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Fig. 4. Alignment running time (hours). Note that PASTA is run for three iterations
everywhere, except on 100,000-sequence RNASim dataset where it is run for two iter-
ations, and on the 200,000-sequence RNASim dataset where it is run for one iteration.

majority of SATé running time is spent in the merge step. However, the resulting
SATé alignment is much less accurate, and produces trees that are substantially
less accurate than PASTA (see Table 2).

Running Time. Figure 4 compares the running time (in hours) of di↵erent
alignment methods. PASTA is faster than SATé, and MAFFT-Profile is faster
than PASTA on the smallest datasets. However, the running time of MAFFT-
Profile grows faster than PASTA so that at 200,000 sequences it is not able to
finish in 24 hours, while PASTA can. Muscle is faster than PASTA on datasets
with 10,000 sequences or less, but is slower on 16S.B.ALL, the only dataset
above 10,000 sequence where it can actually run. Our approach for producing
the starting tree is the fastest method on all datasets, and ClustalW is always
the slowest. However, note that neither Clustalw or Muscle is parallelized and
so these methods cannot take advantage of the multiple cores.

Figure 5a presents the running time comparison to SATé. Note that merging
subset alignments is the majority of the time used by SATé to analyze the 50K
RNASim dataset, but a very small fraction of the time used by PASTA. The



Future Work 
¥!Improving the parallelism by re-designing the tree 

estimation step 

¥!Using alternative pairwise mergers for those sites that 
cannot be inferred through transitivity 

¥!Evaluating for Protein alignments 

¥!Using PASTA to boost statistical alignment methods 


