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** Motivation: Loss of Slater CQ/Facial reduction

@ Slater condition — existence of a strictly feasible solution —
is at the heart of convex optimization.

@ Without Slater: first-order optimality conditions may fail; dual problem
may yield little information; small perturbations may result in
infeasibility; many software packages can behave poorly.

@ a pronounced phenomenon: though Slater holds generically,
surprisingly many models arising from relaxations of hard nonconvex
problems show loss of strict feasibility, e.g., Matrix
completions/compressive sensing, sensor network localization, SNL,
EDM, POP, Molecular Conformation, QAP, GP, strengthened Max-Cut

@ We concentrate on appl. of Semidef. Progr., SDP.
We look at various reasons and how to take advantage using
two views of FACIAL REDUCTION, FR

Main Ref: (in progress)
“The many faces of degeneracy in conic optimization’,
Drusvyatskiy, Wolkowicz '16 ;
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** Facial Reduction/Preprocessing for LP

Primal-Dual Pair: Aonto,mxn, P ={1

max b7 min ¢'x
wp-p) ATy . (LP-D) st Ax—b,
o y= x> 0.

Slater’s CQ for (LP-D) / Theorem of alternative

Exactly One is True:

() 3Ixst Ax=b,%x>0 (x eriF, feas. set)
Slater point

() 0#£z=ATy>0,b"y=0 ((z,F)=0)
exposing vector




Linear Programming Example, x € R®

Sum the two constraints  (multiply by: y" = (1 1)):
get: 2x1 + x4+ X5 =0 — x1 =X =x5=0
i.e., equiv. simplified problem/smaller face constr.

| min6x, — Xz s.t. Xo+ X3 =1,%,X3 > 0, |
(X1 = x4 = x5 =0)




Linear Programming, LP, A’y <c¢

Slater's CQ for (LP-P) / Theorem of alternative

3yst.c— ATy >0, ((c—ATy),>0,Vie P =P
iff
Ad=0,c'd=0,d>0 — d=0 ()

implicit equality constraints: i € P¢

Find 0 # d* to (%) with max number of non-zeros
(exposes minimal face containing feasible slacks)

d'>0 = (c—A'y)i=0VyeFr icP®

(where F7 is primal feasible set)

k =1!; we only need one step of FR for LP
d* here exposes the minimal face (of slacks)
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Make implicit-equalities explicit/ Regularizes LP

Facial Reduction: ATy <; ¢; minimal face f <R
proper primal-dual pair; dual of dual is primal

Generalized Slater CQ holds - And!

after deleting redundant equality constraints!
Mangasarian-Fromovitz CQ (MFCQ) holds

( Wy (A)Tp<c, (A)T§=ce ) (A%)T is onto

MFCQ holds _ dual optimal set is compact

Numerical difficulties if MFCQ fails; in particular for interior
point methods! Modelling issue!

A
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“* Convex Programming

Ordinary convex programming, (OCP)

(OCP) sup b'y subjectto g(y) <0
y

beR™ g(y) = (gi(y)) € R", gi : R™ — R convex, Vi € P

Slater’s CQ; strict feasibility

dy st gi(y) <0,Vi (implies MFCQ)

Slater’'s CQ fails implicit equality constraints exist

Pe:={ieP:9(y) <0 = gi(y) =0} #0

Let P/ .= P\P¢ and

9 =@iep»  9°:=(9icpe




implicit equalities to equalities/ Regularize OCP

Minimal face f
f={zeRT:z=0,YiePJIRT

(OCP) is equivalent to g(y) <¢ 0

sup b'y
(OCP,,) st d'(y) <O
yeF°©

where 7€ := {y : g°(y) = 0}.

Then|F€={y:9°y) <0}, soisa convex setl!l

Slater’s CQ holds for (OCP,eg) | 3y € F¢:g/(y) <0

(Ben-Israel, Ben-Tal, Zlobec: BBZ Conditions '76-80)
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* (FR full generality)  Abstract convex program

(ACP) infy f(x) s.t. g(x) 2k 0,x € Q

where:
@ f:R" — Rconvex; g:R"”— R"™is K-convex
e K C R™ closed convex cone; () C R"” convex set

@ a=xkb < b—-acK, a=<xkb < b-acintK

° glax + (1 —ay)) 2k ag(x) + (1 — a)g(y),
Vx,y € R" Vo € [0,1]

Slaters CQ: | | st g(’X) e —intK  (g(x) <k 0)
@ guarantees strong duality
(zero duality gap AND dual attainmment)

@ (near) loss of strict feasibility, nearness to infeasibility,
correlates with number of iterations & loss of accuracy

@ Recall that Slater (M-F) is equivalent to a nonempty
bounded dual optimal set. .




Faces of Convex Sets - Useful for Charact. of Opt.

Face of C,

@ F C Cisaface of Cif F contains any line segment in C
whose relative interior intersects F.

@ A convex cone F C K is a face of a convex cone K, F < K,
if (simplified)
\x,yeKandx+y€F = x,yeF\

A\

Polar (Dual) Cone/Conjugate Face
@ polar cone K*:={¢:(¢,k) >0, Yk € K}
@ If F < K, the conjugate face of F is
[Fe:— FrnK* 9K

N
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Properties of Faces

General case

@ A face of a face is a face
@ intersection of a face with a face is a face.

@ Let C C K, then face(C) denotes the minimal face
(intersection of faces) containing C.

F<Kisan if there exists ¢ € K* with

F=Kng¢t

F¢ is always exposed by x < ri F.

The SDP cone is facially exposed, all its faces are exposed.
(In fact like R : S is a proper closed convex cone, self-dual
and facially exposed.)




Regularize abstract convex program  (full generality)

in memorium: Jonathan Borwein 20 May 1951 - 2 Aug 2016,

jonborwein.org

(ACP) infy f(x) s.t. g(x) 2k 0,x € Q

(Borwein-W.78-79)
(ACPR) infy f(x) s.t. g(x) <k 0,x € Q

where: K" is the minimal face

Like LP, it is simple if we use the minimal face K.
We get a proper primal-dual pair!!




General Theorem of Alternative

Lemma (Facial Reduction (FR); find vector ¢)
Suppose x is feasible. Then the LHS system

{ g(éQe_K)_’(‘? magz: gm ig } implies  K' C 6L A K,

where: 0 is subgradient; (-) is inner-product.

| \

Generally more than one step is needed to find K’

Restrict to smaller face ¢ N K;
repeat till Slater is obtained

A
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“ SDP Case/Replicating Cone/Faces

SDP case/Replicating cone

@ Let X € 8" with spectral decomposition,

X =[P Q] [%* 8] [PQ]", D eSS, (rankX=r)

@ Then
Range(X) = Range(P), Null(X) = Range(Q)

face(X) = PS,.PT = (QQT)* nS7.
(Z = QQ exposing vector/matrix for face.)

face(X)® = Qs 'Q’

Range/Nullspace representations

face(X) = {Y € S? : Range(Y) C Range(X)}
face(X) = {Y € 87 : Null(Y) 2 Null(X)}
riface(X) = {Y € 87 : Range(Y) = Range(X)}

14




Semidefinite Programming, SDP, S

nonpolyhedral, self-polar, facially exposed

(SDP-P) vp=sup b'yst g(y):=Ay—-c=s 0
yeRrm

(SDP-D) vp = in

t. =b, X =gn
XGSf" (c,x) st. Ax=0b, x =50 0

where:
@ PSD cone S C §" symm. matrices
@ceS",beR™
@ A:S" — R"is an onto linear map, with adjoint A*
@ Ax = (trace Aix) = ((Ai,x)) e R™, A e S"
Aty =3 Ay €S




Regularization Using Minimal Face

Borwein-W.78-79 , fp = face F 3; min. face of feasible slacks

(SDP-P) is equivalent to the regularized
(SDPeg-P) Vrp :=sup {(b,y) : A%y =y, ¢}
y

fp is minimal face of primal feasible slacks
{s=0:s=c— A"y} C, <S]

Lagrangian dual of regularized problem satisfies strong duality:

(SDPeg-D) Vppp = iQf {{e,x) : Ax=b, x =t 0}
Vp = Vrp = Vpprp and vpgp is attained.

regularized PROPER primal-dual pair |dual of dual is primal

If we take the dual of (SDPs4-D) we recover the primal
regularized problem (SDPgg-P).




Slater's CQ/Theorem of Alternative for Dual

Assume feasibility: 3x s.t. AXx = b, x = 0.
Exactly one of the following alternatives holds/is consistent:

(Hh Ix st. Ax=bX>0 (Slater)
or

() 0£z=A*y =0, (by)=0, (xx)

(1) finds exposing vector: 0 # z = 0
z exposes a proper face containing all the dual feasible points

Ax=bx=0 = zx=0. (equiv. tracezx = 0)




Regularization of Dual Using Minimal Face

Borwein-W.78-79 , fp = face F ,; min. face of dual feasible set

(SDP-D) is equivalent to the regularized

(SDP/eg-D) VRp i= ir)}f {{e,x) : Ax=b,x =, 0}
fp is miniminal face of dual feasible set

{xX=0: Ax=b,x>=0} C IS}

Lagrang. dual of regulariz. dual problem satisfies strong duality:

(SDPreg-DD) Vprp :=sup {(b,y) : A"y =p c}
y

Vp = Vrp = Vpprp and vppgp is attained.

regularized primal-dual pair

If we take the dual of (SDPe;-DD) we recover the dual
regularized problem (SDPgg-P).




View One for FR in SDP

(SDPp) min{trace CXst. AX=b,X ¢S]}

Step 1: Let 0 # Z = 0 be an exposing vector.
add constraint trace ZX = 0. (Equivalently ZX = 0)
from spectral decomposition of Z, with Range P = Null Z:

substitute: X = PSTPT,  t = nullity(2)

We get the equivalent smaller problem
min trace(P’CP)R
(SDPpq)  s.t. trace(PTAP)R=b;,i=1,...,m
Rest

Remove/delete redundant linear constraints; repeat Step 1.
minimum number of steps is called the | singularity degree

(ref. Sturm below)




View Two for FR in SDP

Lemma: Using exposing vectors
Let

Z,to,l—',-:SZmZ,-{i:L_..,m.
Then

m o\ L
N Fi=81 N <ZZ,>
i—1

intersection of faces is exposed by sum of exposing vectors [
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Singularity Degree d - Minimal Number of FR Steps

Sturm’s error bounds Theorem for SDP, 2000

Given an affine subspace V of §”, the pair (V,S" ) is ;—d-HoIder
regular, v = % with displacement, where d is the singularity
degree of (1, S") with displacement.

( e.g., for intersecting sets, for all compact sets U there exists a
constant ¢ > 0 such that

dist(x,V NST) < c(dist’(x,V) +dist’(x,S7)), Vx e U)

Cgnce rate alternating directions (MAP) for SDP
Theorem (Drusvyatskiy, Li, W. 2015) If the sequence X, Y

.
converges, d > 0, then the rate is O <k2d+‘2>

(If Slater holds then cgnce is R-linear.)

(Paper includes Empirical Confirmation) |
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Applications?

@ preprocessing is essential in commercial LP software.
@ Can we do facial reduction in general?
@ Is it efficient/worthwhile?

@ important applications?

e relation to feasibility questions, e.g., for matrix completion
e iterative methods? convergence rates? (DR, MAP)
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** FR - Motivation/Application; EDM, SNL

Highly (implicit) degenerate/low-rank problem

- high (implicit) degeneracy translates to low rank solutions
- take advantage of degeneracy; fast, high accuracy solutions

SNL - a Fundamental Problem of Distance Geometry;

easy to describe - dates back to Grasssmann 1886

@ r : embedding dimension
@ n ad hoc wireless sensors py,...,pn € R" to locate in R';

em Pn—mi1s---5Pn (positions
known, using e.g. GPS)

@ pairwise distances D; = ||p; — pj||2, ij € E, are known
within radio range R > 0

°
Pl =[p1 ... po)=[XT AT]eR™"
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Sensor Localization Problem/Partial EDM

Sensors o and Anchors

Initial position of points

2 3 4 5 6 7
#sensorsn=300, #anchorsm=9, radiorange R =12
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Popular Techniques; SDP Relax.; Highly Degen.

Nearest, Weighted, SDP Approx. (relax/discard rank B)

@ ming.¢ [|H o (K (B) - D
1/\/D; ifijeE,
rank B = r; Hj = /v/Dj IUE_/
Hj =0 otherwise
@ with rank constraint: a non-convex, NP-hard program

@ SDP relaxation is convex
BUT: expensive/low accuracy/implicitly highly degenerate

’

cliques restrict ranks of feasible B )
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Random Noisless Problems, Krislock W. 2010

@ 2.16 GHz Intel Core 2 Duo, 2 GB of RAM

@ Dimension r =2

@ Square region: [0,1] x [0,1]

@ m =9 anchors

@ Using only Rigid Clique Union and Rigid Node Absorption
@ Error measure: Root Mean Square Deviation

1 1/2
RMSD = (n > I p}'“e|2>
j=
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Results - Large n

(SDP size O(n?))

n # of Sensors Located

n#sensors\R | 0.07 0.06 0.05 0.04
2000 2000 2000 1956 1374
6000 6000 6000 6000 6000
10000 10000 | 10000 | 10000 | 10000

CPU Seconds
#sensors\ R | 0.07 | 0.06 | 0.05 | 0.04
2000 1 1 1 3
6000 5 5 4 4
10000 10 10 9 8
RMSD (over located sensors)

n# sensors\ R 0.07 0.06 0.05 0.04
2000 4e—16 | 5e—16 | 6e—16 | 3e—16
6000 4e—16 | 4e—16 | 3e—16 | 3e—16
10000 3e—16 | 5e—16 | 4e—16 | 4e—16
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Results - N Huge SDPs Solved

Large-Scale Problems  (results from 2010)

#sensors #anchors radiorange | RMSD | Time
20000 9 .025 5e—16 25s
40000 9 .02 8e—16 | 1Tm 23s
60000 9 .015 5e—16 | 3m 13s
100000 9 .01 6e—16 | 9m 8s

Size of SDPs Solved: (# vrbls)

En(density of G) = 7R?; M = &,(|E|) = mR?N (# constraints)
Size of SDP Problems:

M = [3,078,915 12,315,351 27,709,309 76,969,790}
N =10°[0.2000 0.8000 1.8000 5.0000]
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View 2: Details with Exposing Vector/Numerics

Thm D.PW.’15: M :E — Y, K proper convex cone

) #F={XeK: M(X)=b}. Then a vector v exposes a
proper face of M (K') containing b if, and only if, v satisfies the
auxiliary system
0#AM*veK* (v,b)=0.
Let N = face(b, M (K)) (smallest face containing b). Then:
@ KN M~(N) = face(F, K)
@ v exposes N IFF M *(v) exposes face(F, K).

| \

Corollary

If Slater’s condition fails, then d = 1 IFF the minimal
face(b, M (K)) is exposed.
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Noisy Case

Using exposing vectors

Successful numerics recently Drusvyatskiy/Krislock/Vronin/W.
2015.
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“ FR for Low-Rank Matrix Completion, LRMC,
(Huang-W.16)

Intractable (nonconvex) minimum rank completion

Given partial m x nreal matrix Z € R"7*",

min rank (M)

(LAMC) st Mz -z <5,

E sampled indices; Z; € RE; 0 > 0 tuning parameter

| 5\

convex nuclear norm relaxation

min || M|,
st Mg —Z:|| <3,

where |[M|.. = >, 0i(M).




SDP Equivalent to Nuclear Norm Minimization

Trace minimization

min || Y]« = trace(Y)
s.t. H YE — QE‘H <9
Y e ST+,

0 Z

= {ZT 0

] € ST""and E indices in Y corresponding to E

Noiseless case: strict feasibility trivially holds

Ye = Qg
choose diagonal of Y sulfficiently large, positive.
(strict feas. holds for dual as well)

| A\

| A

Why consider this here?

It has been shown recently by Huang-W. that one can exploit
the structure at the optimum and efficiently apply FR.
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Associated Undirected Weighted Graph G = (V, E, W)

nodesetV={1,...mm+1,...,m+ n} Let:

Eim = {ijeVxV:ii<j<mj
Emiimin = {feVxV:m+1<i<j<m+n}
edge set

E = E U E‘]m U Em_}r‘]’m_i'_n.
weights for all jj € E
Zij-my, Vij€E

Wijj ‘== .
0, otherwise.

Corresponding adjacency matrix A; cliques C

nontrivial cliques of interest (after row/col perms) corresp. to full
(specified) submatrix X in Z; C = {jy, ..., Ik} with cardinalities

|
A

ICNn{1,....m}=p#0, |[Cn{m+1,....m+n}|=q+#0.
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Exposing Vector for Low-Rank Completions

Clique - X; generically rank r by Isc of rank

X ={Zj_m : ij € C}, specified p x g submatrix.
let rank X = ry. Wlog

[z Z
z- 13 Z|.

full rank factorization X = PQ' using SVD

X =PQT = Uxsx VY, Tx € S, P=UxZy? Q= V)2
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Cx={i,....mm+1,...,m+ Kk},

target rank r.

r < max{p, q},

(From HW ) rewrite optimality conditions SDP as

T UbUT | UDPT UDQT | UDVT

0<Y— P D Pl _ PDUT | PDPT PDQT | PDVT
- Q Q QDUT | QDPT QDQT | QbVT
v v vDUT | VDPT vDQT | vDVT
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Using exposing vectors

Lemma ( Basic FR)

Letr < min{p,q} and X = PDQ" = PQT as above. We find a
pair of exposing vectors using

FR(P,Q): PPT + ~0,PTU=0,

QQT +|VVT|~0,QTV =0.
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Numerics LRMC/average over 5 instances

Table: noiseless: r = 2; m x n size 1.

Sfaiiealions Time (s) | Rank | Residual (%2)
m n mean(p)

700 2000 0.30 .00 20 4.46056-14
7000 5000 0.30 2876 | 20 3.02976-13
7400 9000 0.30 7759 | 20 78674614
7900 74000 0.30 19214 | 2.0 6.72926-14
2500 20000 0.30 72799 | 2.0 4.27536-10

Table: noiseless: r = 4; m x n size 1.

— Specr'lf'°a“°”;ean G| Time(s) | Rank | Residual (%2)
700 2000 0.36 1280 | 40 15217612
7000 5000 0.36 3966 | 4.0 7.0970612
7400 9000 0.36 13153 | 4.0 6.0304.13
7900 74000 0.36 20722 | 40 34847611
2500 20000 0.36 79870 | 40 7.22566-08
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Numerics LRMC/average over 5 instances

Table: noiseless: r = 3; m x n size 1; noise 71; density |.

Specifications Time (s) Rank Residual (%Z2)

m n % noise P initial total initial refine initial refine
700 1000 0.00 0.40 222 1.82 2.40 2.40 3.961e-14  3.961e-14
700 1000 0.01 0.40 4.16 8.79 3.20 3.20 9.242e-01 9.360e-01
700 1000 0.15 0.40 3.64 6.32 2.40 2.40 9.416e-01 9.517e-01
700 1000 0.30 0.40 3.46 7.09 8.40 8.40 9.862e-01 9.862e-01
700 1000 0.45 0.40 3.45 4.26 3.80 3.80 9.539¢-01 9.539e-01
1500 2000 10.00 0.40 14.07 19.13 2.40 2.40 9.281e-01 9.360e-01
1600 2100 10.00 0.35 13.85 18.03 2.40 2.40 9.535e-01 9.535e-01
1700 2200 10.00 0.30 10.48 30.81 11.00 11.00 8.000e-01 8.000e-01
1800 2300 10.00 0.25 4.22 15.22 4.60 4.60 4.000e-01 4.000e-01
1900 2500 10.00 0.40 21.39 29.03 2.20 2.20 9.506e-01 9.546e-01
2000 2600 10.00 0.35 18.58 50.70 10.20 10.20 9.894e-01 9.894e-01
2100 2700 10.00 0.30 22.75 40.97 6.40 6.40 9.759e-01 9.759e-01
2200 2800 10.00 0.25 6.61 26.14 5.20 5.20 4.000e-01 4.000e-01
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** Conclusion

Preprocessing

@ Though strict feasibility holds generically, failure appears in
many applications. Loss of strict feasibility is directly
related to ill-posedness and difficulty in numerical methods.

@ Preprocessing based on structure can both regularize and
simplify the problem. In many cases one gets an optimal
solution without the need of any SDP solver.

Exploit structure at optimum

For low-rank matrix completion the structure at the optimum
can be exploited to apply FR even though strict feasibility holds.
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