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Parameter advising

Aligners often use one default parameter choice for all
iInputs.

® The default attempts to have good average accuracy
across benchmarks.

* An optimal default choice can be found by inverse
alignment [Kececioglu and Kim 2007].

® The default may be a poor choice for specific inputs.

Can we boost aligner accuracy
by an input-dependent choice
of parameter values!



Parameter advising
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An advisor has two ingredients:

(1) the advisor set of parameter choices used to generate

candidate alighments, and

(2) an advisor estimator that ranks alignments by
estimated accuracy.




Accuracy estimator

Facet

Our accuracy estimator Facet (Feature-based Accuracy Estimator) is
® a linear combination
* of real-valued feature functions



Parameter advising

Parameter advising is selecting a parameter choice p
from a set P to maximize the accuracy of an aligner 7.

® Given estimator F.,an advisor finds a parameter
choice p for input sequences 5.

p = argmax EC(%(S)>

peP

® The oracle is a perfect advisor that uses true accuracy.



Problems

Finding a parameter advisor involves solving two
problems:

® learning advisor coefficients, and

* finding a advisor set of parameter choices.



Problems

There is an issue with defining the accuracy of an advisor when
there are ties in estimator value:

* |n practice the advisor selects among the alignments that
have maximum estimator value.

® When learning an advisor we want to maximize the
expected accuracy.



Problems

We learn the estimator using examples consisting of

® an alignment A;; produced by aligning benchmark ¢ using
parameter choice 7,

* the associated feature vector Fj; = F(A)),

® the true accuracy a;; of Ai,.

To correct for bias in easy benchmarks we assign a weight
w; to each.



Problems

A parameter choice 7 consists of an assignment of the
values of the alignment parameters.

® For Opal a parameter choice is a 5-tuple

(07 VI, VE, )\17 >\E)

® The universe U is a collection of these parameter
choices.



Problems

* The potential output set of parameter choices for the advisor on
benchmark 7 with parameter set Pis

O;(P) = {jeP B (Ay) > e;;—e}
where

e; 1= max {EC(Aﬁ) L j € P}

* The expected accuracy of the advisor is the average accuracy over
these parameter choices
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Adyvisor Sets

The input to the Advisor Set problem is

e cardinality bound £,

® benchmark weights w;, where E w; =1, 0=<w; <I
i
® accuracies a;j, where 0 < q;;<|

o feature vectors Fi; = (fij1, fije ", fijt), where 0= fijn <I
® error tolerance €0

® estimator coefficients c=(ci, ..., ct ),
where each ¢; = 0 and ZC@' =1 ,and
i

® universe of parameters choices U.



Adyvisor Sets

The output is

® a set P C U of parameter choices, where |P| < k that

maximizes the objective function

Z w; A; (P)

The Advisor Set problem is NP-complete.
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Finding advisor sets

Advisor Set can be modeled as an integer linear program.

* |LP cannot be solved to optimality in a reasonable
amount of time.

* Optimal sets for small cardinalities k can be found by
exhaustive search.

We have an approximation algorithm that

* finds an é-approximation of the optimal advisor set,

® for any constant [<K.

The approximation ratio is tight for tolerance € = 0. 13



Advisor Estimator

The input to the Advisor Estimator problem is

® weights w; on the benchmarks,
® accuracies a;j of the alternate alignments,

e feature vectors F;; for the alternate alignments,
® error tolerance g, and

® advisor set P of parameter choices.
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Advisor Estimator

The output is

® estimator coefficient vectorc=( ¢, ..., ct ), where

each ¢; = 0 and Zci =1 that maximizes the

1

objective function

The Advisor Estimator problem is NP-complete.
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Learning the estimator

To learn the estimator we find optimal coefficients that fit

® accuracy values of the examples, or

® accuracy differences on pairs of examples.

Find coefficients
that match

AF with AFE

Estimator Value £

Alignment Accuracy F
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Experimental results: Advisor estimator

Best features trend well with accuracy.
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Facet estimator has better spread than its features.
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Experimental results: Advisor estimator

Known estimators display very different trends.
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For parameter advising, an estimator needs to have good

slope and spread. .



Experimental results: Advisor estimator

Advising accuracy of various accuracy estimators

Advising Accuracy
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As the cardinality of P increases, Facet accuracy increases.



Experimental results: Advisor sets

Advising accuracy on oracle, exact and greedy parameter sets
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The greedy set is essentially as good as the optimal exact set.
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Experimental results: Advisor sets

Advising accuracy on oracle, exact and greedy parameter sets
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Finding advisor sets improves accuracy of other estimators.
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Summary

Our current work has made the following contributions:

* New estimator Facet that is significantly more
accurate for parameter advising

® Problem formulations for learning an advisor that are
NP-complete

e Difference-fitting technique for estimator coefficients
that is close to optimal

e Approximation algorithm for advisor sets that is close
to optimal
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Further research

® Develop a core column predictor for feature
functions

® Extend the estimator from protein to DNA
alignments

® Expand the definition of a parameter choice to
include the aligner.
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Feature functions

There are three types of protein secondary structure

e X-helix,

e B-strand,

® coil.
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Secondary structure blockiness

IS

B in alignment A

A block

® an interval of at least [ columns,
® 3 subset of at least £ rows

* with the same secondary structure for all positions in 5.

EVL ELU ELU ~U ' bo ﬂ -

U U DU S0 A0 U vy DU WO

TV IV TV SV ' — o

1]
cu x0 LU [BE U BE U LU U
B o oo oo B v o
L} ' 1] L} ' 1] L} '

U XU DU ~UJ ~U ~0 XD DO XU
B MO ' ' ' ' X0

LU U Y Y D D b0 b

VDL OU U iU iU L YU B0 OV

LU VLU VLU VU VU VLU LVLULU LV LUV
wu U VU U <U <V wu €U o

[ T I W U I SR I ' v
VU VL vw U
CU DU XU OU OU OU v XU w




Secondary structure blockiness

ing P for alignment A is

A pack

¢ 3 set of blocks from A,

®* whose columns are disjoint.
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Secondary structure blockiness

The blockiness score of an alignment is

® the maximum value of any packing P of an alignment A

* normalized by the total number of substitutions in the
alignment
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Secondary Structure Blockiness

Theorem (Evaluating Blockiness)

Blockiness can be computed in O(mn) time,
for an alignment with m rows and n columns.

Algorithm
Gg

e Graph construction takes O(mn) time.
e Graph has O(n) nodes, O(In) edges
* Longest path takes O(n) time.



Results
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In all bins, Facet outperforms all estimators.
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Motivation

Alignment accuracy is measured with respect to a
reference alignment.

reference computed
alignment alignment

aDh g

k)

® accuracy is the fraction of substitutions of the reference
that are in the computed alignment,

66.7%
~ accuracy

® measured on the core columns of the reference.



Contributions

Our approach Facet (“Feature-based ACcuracy EsTimator™)

® estimates accuracy by a polynomial on the features,

o efficiently learns the polynomial coefficients from examples,
® uses novel features that are fast to evaluate,

e utilizes an optimal feature subset.

Applied to parameter advising, Facet:

* finds an optimal parameter set of a given cardinality,

® outperforms other estimators in accuracy across the full
range of benchmarks,

® boosts aligner accuracy on hard benchmarks by 20% over
the best default parameter choice.



Optimal Advisor

The input is
e cardinality bound &,
* weights w; on the benchmarks,

® accuracies a;j of the alternate alignments,

e feature vectors Fj; for the alternate alignments, and

® an error tolerance g,

Output

® set PC {1, ..., m} of parameter choices where |P| < k,and

o Estimator coefficients C = ( C1yeeey Cl ) e O
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Learning the estimator

Difference-fitting tries to find a monotonic estimator that
matches positive differences in true accuracy.

@A E @ P

all possible AldmPiRRRNT pairlt@le accuracy diféstameeaddiffetennee

examples . ~ oflarge errors
only penalize underestimating

differences

34



