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In this appendix, we first introduce some definitions and notations in Section 1. Then, we prove
Lemma 1 in Section 2 and Lemma 2 in Section 3. Theorem 1 is proved in Section 4, and the proofs
of Corollary 1, 2 and 3 are presented in Section 5, 6 and 7, respectively.

Definitions and Notations

Let X denote a solution space that is a compact subset of R”, and f: X — R denote a min-
imization problem. Assume that there exist *,2’ € X such that f(z*) = mingex f(x) and
f(@") = max,ex f(x). Let F denote a collection of functions that satisfy this assumption. Given
f € F, the minimization problem is to find a solution z* € X s.t. f(z*) < f(z) forall z € X.

Forasubset D C X, let #D = [ _\ I[z € D]dx (or #D = [z € D] for finite discrete
domains), where I[] is the indicator function. Define |D| = #D/#X and thus |D| € [0, 1]. Let
D, ={z € X|f(z) <a},and D, = {z € X | f(x) — f(z*) < e} fore > 0. Let A denote
the symmetric difference of two sets defined as A;AA; = (A1 U Ay) — (A1 N Az). A hypothesis
is a mapping h: X — {—1,4+1}. Let H C {h: X — {—1,+1}} be a hypothesis space. Let
Dy, = {x € X|h(x) = +1} for hypothesis h € #, i.e., the positive class region represented by
h. Denote Ux and Up, the uniform distribution over X and Dy, respectively, and denote 7}, the
distribution defined on Dy, induced by h. Let D denote the Kullback-Leibler (KL) divergence
between two probability distributions. Let log(-) and In(-) be the base two logarithm and natural
logarithm, respectively. Let poly(-) be the set of all polynomials w.r.t. the related variables and
superpoly(-) be the set of all functions that grow faster than any function in poly(-) w.r.t. the
related variables.

Proof of Lemma 1

LEMMA 1
Given f € F,0 < d < 1and e > 0, the (¢,0)-query complexity of a classification-based optimiza-
tion algorithm is upper bounded by
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where Pry, = 7>, Prp, = 3, fDe Up,, (z)dz (or Pry, = 7>, > .cp. Up,, (x) for
finite discrete domains) is the average success probability of sampling from the learned positive area
of hy, and mpy,,, is the sample size required to realize the success probability Pry, .

Proof. In each iteration, mpy, samples are needed to realize the probability Pry,. Generally
speaking, the higher the probability the larger the sample size, but it depends on the concrete imple-
mentation of the algorithm. Thus, Zthl mpy,, number of samples is naturally required. We next
prove the rest of the bound.



The total number of calls to O by a classifier-based optimization algorithm is (m-+1)7". We consider
the probability that, after T iterations, a classifier-based optimization algorithm outputs a bad solu-
tion Z s.t. f(Z)— f(z*) > ¢, and we denote it as Pr(f(Z) — f(z*) > €). Since Z is the best solution
among all sampled solutions, Pr(f(Z) — f(z*) > €) is the probability of intersection of events that
sampling in each step does not generate a good solution x s.t. f(x) — f(z*) < e. For sampling from
Ux , the probability of failure is 1 — Pr,,, where Pr,, = |D.| = #D./#X is the success probabil-
ity of uniform sampling in X. For sampling from the distribution 7}, defined on Dj,, induced by
the learned hypothesis h;, the probability of failure is 1 — Pry,, where Pr;, = f D. Th, (z) dz (or
Pry, = .cp, Th,(x) for finite discrete domains) is the success probability of sampling from Th,-
Let exp(x) denote e®. Since that every sampling is independent, we have

Pr(f() - f(a7) > = (1= Pr)™ T] S (7 )= )1 = Pr(1 - Py )
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t=1
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< exp —Pr,-m H exp ( —A)Pr, -m+ APry, - m))

exp( Pru m+(1—A ZPI‘U m+)\ZPrht )
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where the first inequality is by (1 — z) < exp(—=z) for z € [0,1], and Pr;, = Z;le Pry,.
In order to let Pr(f(Z) — f(z*) > €) < 4, it suffices that

exp (= (1= \Pr, + APry,) - mT) <6,

Therefore, we derive that mT € O (m In %) At last, by (m + )T < 2mT €
0 (m In %) and Pr,, = |D.| = #D./#X, we prove the lemma. |

Proof of Lemma 2

Let Rp denote the generalization error of h € H with respect to the target function under distribution
D, and D, denote the Kullback-Leibler (KL) divergence between two probability distributions.

LEMMA 2
Given f € F, € > 0, the average success probability of sampling from the distributions induced by
the learned hypotheses of any classifier-based optimization algorithm Pry, is lower bounded by
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where Dy = \ Z/tht + (1 — M)Ux is the sampling distribution at iteration t, and \IJ
Rp, + #X /3 Dk (De||Ux).

o (DlUx) =



To prove this lemma, our strategy is to first bound Prp,, which is the success probability of sampling

from the distributions induced by the learned hypothesis at iteration ¢, and then bound Pr;, by
definition.

Bounding Pr;,,

In this section, we will bound Pr), by two steps. A primary lower bound of Prj, is shown in
Lemma 3 below, and an explicit lower bound will be presented later.

LEMMA 3
Given f € F, e > 0 and any hypothesis h; € H, Pry, is lower bounded by

PI‘h > 7|D6 N Dht‘

1
2 T Dn] —#(DeﬂDht)\/QDKL(ﬁt|UDh,t)7

where D1, denotes the Kullback-Leibler (KL) divergence between two probability distributions.
Proof. 'We only consider continuous domains situation and omit finite discrete domains situation

since the proof procedure is quite similar. Let I[-] denote the indicator function, the proof starts from
the definition of Pry,.

Pr,, = Th,(z) -1z € D] dx = / (Tn.(x) = Up,, (x) +Up,, (x)) - I[x € D] dx
D’Lt Dht
= P LDy [ (70~ thp, @) T € Do
‘Dht‘ D '

hy

D.ND
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‘Dht‘ Dht x
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> |De D | \/DKL(ﬁlt||uDht)/ I[z € D] dx
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where Up,, is the uniform distribution over Dp,,, and the last inequality is by the Pinsker’s inequal-
ity. ]

In order to derive an more explicit lower bound of Pr},,, we need to investigate | Dj,, | and | D N Dy,
and we will bound them respectively.

[l

Bounding |Dy,, |

LEMMA 4
Given f € F and any hypothesis hy € H, |Dp,| is bounded by

|Dat‘ - Ruxi < |Dht| < |Dat| +Rux,t’

where Ry, ; is the generalization error of hy with respect to D,,, under distribution Ux .

Proof. Let A denote the symmetric difference operator of two sets. We can verify directly that
|[Dh,| = [Da, || < |Dn,ADq,| = Ry .+, where Ry ¢ is the generalization error of h; with respect
to D, under distribution Ux . Thus, | Dy, | — Ruy .+ < |Dn,| < |Da,| + Rux t- [ |
Bounding |D. N Dy, |

LEMMA 5
Given f € F, € > 0 and any hypothesis h; € H,

‘De N Dht| Z |De| - ZRu,t,

D, N Dy,| is lower bounded by

where Ry, + is the generalization error of h, with respect to D,,, under distribution Ux .



Proof. We w.l.o.g. assume that € < o for all . Let A denote the symmetric difference operator of
two sets, by set operators, we have

|D. N Dy,| = |De U Dy, | — |DeADy,|

> |D.U Dy,| — |DeADg, | — | Do, ADp, |
= |D6 U th,| - ‘DEADOQ| — RZ/l,t

= |De U Dht| + ‘DE‘ - |D0¢t| - Ru,t

> [Dn,| + |De| = [Da, | = Rus,

where the first inequality is by the triangle inequality, and the last equality is by D, C D,,. Com-
bining it with the conclusion of Lemma 4 results in that

|De O D, | = (|Dh,| = |Da,|) + [De| = Rt 2 [De| = 2Ry -

Bounding |D;,, | and | D, N Dy| More Explicitly
Lemma 4 and 5 show that |Dy,,| and | D, N D},| are bounded by the generalization error Ry, ; of
h: under Ux . Since the true sampling distribution in the classifier-based optimization framework at

each iteration is D; = AT}, + (1 — \)Ux instead of Uy, it is necessary to investigate the relationship
between Ry, ; and Rp, in order to bound | Dy, | and |D. N D},| more explicitly via Rp, .

LEMMA 6
The generalization error Ry, of h under Ux and the generalization error Rp of h under any distri-
bution D have the following relationship:

1
Ry, < Rp+#X iDKL(DHUX).

Proof. We only take continuous domains situation into consideration and omit finite discrete do-
mains situation, since the proof procedure is quite similar. The proof starts from the definition of
Rp.

Rp = / D(2)-T[z € DuAD,] dz

X
- /X (Ux (@) + D) —Ux () - Tl € DuADy] da
— Ry, + /X (D(x) - Ux () - Iz € DuAD,]do

> Ry, — / sup |D(z) — Ux (z)| - I[x € D, ADy]dx

X
1
> Ry — iDKL(D”uX)/ ]I[I S D(XAD;L] dx
X
1

= Ry, — #(DyADy) §DKL(DHUX)
> Ruy ~ #X | Dicr (Dlthx),

where the second inequality is by the Pinsker’s inequality. |

Denote ATy, + (1 — A\)Ux as Dy, and Rp, + #X 4/ %DKL(DtHUX) as WﬁZtL(DtHMX)‘ We now can
bound | Dy, | and | D, N Dy,| more explicitly.

LEMMA 7
Given f € F, € > 0 and any hypothesis hy € H, | Dy, | is upper bounded by
R t
|Dht| < |D01t| + \IJDZIL('Dt”L{X)’



and |D. N Dy, | is lower bounded by

Rop,

|De N D, | > [Del = 2037 100

where Dy = ATy, + (1 — MUx., and W™ = Bp, +#X /1 Dicr (Di|Uhy).

KL

Proof. By Lemma 4 and Lemma 6, we have |Dy,,| < |Dq,| + Rp, + #X /2 Dr1(Di|Ux). By
Lemma 5 and Lemma 6, we have |D. N Dp,| > |Dc| — 2Rp, — 2#X %DKL(DtHZ/{X). [ |

Bounding Pr;, Explicitly
On the basis of Lemma 3 and Lemma 7, we are able to derive an explicit lower bound of Pry,, .

LEMMA 8
Given f € F, € > 0 and any hypothesis h, € H, Pr},, is lower bounded by

Rp
|De‘ _QlI]D ! D ||lU 1
Pry, > D \I/R‘};tL( L — D §DKL(7;"‘||UDh‘)’
| at‘ + Drr(DellUx)

where Ty, is the distribution defined on Dy, induced by hy, Up,, is the uniform distribution over

R
Dy, Dy = AT, + (1 — MUx, and \IJDitL(Dtl‘Z/{X) = Rp, + #X/ 3Dk (D:|Ux).

Proof By Lemma 3, we have Pry, > 5520l — (D 1 Dy, )y /A Dicr (Th, |Up,, ). Combining
it with Lemma 7 results in that
Rp
|D6| -2V, " 1
Pry, > g;L(DtHuX) —#(DeN Dht) iDKL(,ﬁH ||uDiLt)
Dol + ¥, (drfux)
Rp
|De| — 20, D, U 1
> R;L( U ) — #D, iDKL(ITh,,HuD;H)-
‘Do‘tl + \I,DKL(DtHuX)

Proof of Lemma 2

Proof. Since Dy = AUp,, + (1 — \)Ux, we have Tj,, = Up,, and thus Dk (T, |Up,,) = 0.
Now, combining the definition of Pr), (= ZtT:I Pr},,) and Lemma 8 proves the theorem. [ ]

Proof of Theorem 1

THEOREM 1
Given f € F,0 < 0 < 1 and € > 0, if a classifier-based optimization algorithm has error-target
0-dependence and ~y-shrinking rate, its (¢,0 )-query complexity belongs to
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where Q = 1/(1 — \).

To prove this theorem, our strategy is to refine the bound of |D. N Dy, | under the error-target
0-dependence condition and the bound of | Dy, | under the ~y-shrinking rate condition, respectively.



Refining the Bounds of | D. N Dy, | and |Dp,, |

LEMMA 9
For the classifier-based optimization algorithms under the condition of error-target 8-dependence,

[De N D, | 2 [De| - (1 = Ry r — 0)
holds for all t, where Ry, + is the generalization error of h; under Ux in iteration t.
Proof. Assume w.l.o.g. that e < oy for all ¢, we have

‘De N Dht| = |De| - |D6 N (DatADht)‘
> |D6| - |D6| : |DatADht| - 9|D5|
= |D€|(1 - |D0¢tADht‘ - 9)’

where the first equality is by D, C D,,, and the first inequality is by the condition of error-target
0-dependence.

Let I, ; denote the generalization error of h, under Ux in iteration ¢, it can be verified directly
that Ry, + = |Da, ADp,| under 0-1 loss. Thus, we have |D, N Dy, | > |Dc|(1 — Ryt —0). N

In order to refine Lemma 9, i.e., lower bound | D. N Dy, | using the generalization error of ; under
the true sampling distribution D; = AUp, + (1 — A\)Ux instead of Ux, we need Lemma 10 below.
It gives a relationship between Ry, + and Rp,, where Rp, is the generalization error of h; under
D, in iteration ¢.

LEMMA 10
For any hy € H, let Dy = NXUp,,, + (1 — \)Ux, it holds for all t that Ry + < Rp, /(1 — A), where
A€ (0,1).

Proof. We only consider continuous domains situation and omit finite discrete domains situation
since the proof procedure is quite similar. Let D ; be the region where h; makes mistakes. Splitting

Dy yinto DI, = Dy N Dy, and D2, = Dy, — D ,, we can calculate the probability density

#Dn, _ _
Di(z) = )\#D} +(1=X #)? #éht = /\#]_})ht +(17)\)##X for any = € D;,t, and Dy () =

#(X—D), _
(1-2X) (#X”)#(XiDht) = (1 =) gx forany = € D_ ;. Thus,

/ D:(x) - I[h makes mistake on x] dz
= Di(z)dx = Di(x)dx + Di(x) dz
Dy ni, DZ,
> 1—-)AN)—dx+ / 1-)N)—dx
/D;t( V% - Vg%
= ( - )‘)Rux,tﬂ
which proves the lemma. ]

Let @ = 1/(1 — A). Combining Lemma 10 with Lemma 9, we can conclude that |D. N Dy, | >
|De| - (1 — Q- Rp, — 0). Meanwhile, the y-shrinking rate condition admits | Dj,,| < v|D,,| for all
t directly.

Proof of Theorem 1

Proof. By Lemma 3 and the assumption of 75, = Up,,, we have Dk, (T, ||Z/ID,H) = 0 and thus

Pry,, > |D. N Dy,|/|Dy,| for all t. Combining it with the refined bounds of | D, N Dy, | and | Dy, |
results in that Prj,, > %, where @ = 1/(1 — )). Finally, by the definition of Pr,

and Lemma 1 we prove the theorem. |



Proof of Corollary 1

COROLLARY 1
In finite discrete domains X = {0,1}", given f € fﬁl’Ll Polz g < § < 1 and

0<e<Li(g )A1, for a classifier-based optimization algorithm using a classification algorithm with

convergence rate @(E)’ under the conditions that error-target dependence § < 1 and shrinking
rate v > 0, the (¢,6)-query complexity of the classifier-based optimization algorithm belongs to

pOIY(%vn7 évﬁ%lnl—/lvln [%) : ln%

Proof. By the proof procedure of Theorem 1, letting Q = 2 (i.e., A = 1/2), we have Pry,

2
LS (K - [D|)/(7 - | Dayl), where Ky = 1 — 2Rp, — 0. Assume that § < 1, since K; =

— 2Rp, — 0 for all ¢, there must exist a constant K > 0 such that K; > K as long as Rp, <
(1 — 6)/2 for all t. Under the assumption of classifier-based optimization using the classification

algorithms with convergence rate (:)(%), Rp, < (1—6)/2 can be guaranteed if the sampled solution
size m in each iteration belongs to poly(+,n) [2]. Letting K’ = K/, we therefore obtain that

Do T ! T
Pr, > 73,1 (K - |Del) /(v - 1Da]) = % iy [Del/| Da, .

Since f € ForlvPal2 we know Lollo — || < f(x) — f@*) < Lifle — :c*HBl. Denote
Di={zeX||z—= ||B1 17 }- It can be verified directly that D, C D, and thus |D,| < | D,|.
Let of = o — f(z*) and we assume that ap > 0. D, = {x € X|f(z) <oy} ={x €
X|f(z) - f(a*) < o)}. Denote Do, = {z € X ||z —2*||? < ai} Similarly, we have
Dg, C Dy, and thus |Dg,| < |Dy,|. For simplicity, we assume that (Li)ﬁl and (F+ )ﬂz are both
positive integers. By the definition of Hamming distance, we have

() (5%
~ n ~ n
=0 =0

Let H(p) = —plog p— (1—p) log(1—p) which is the binary entropy function of p, where 0 < p <1
and H(p) = 0 for p = 0, 1. Then, the following inequality [1] holds for all integers 0 < k < n with
p=k/n<1/2

k
1 n
. onH(p) < § () SQTLH(P).
1+ vV 8np(1 - p) i—o \!
2L2

Since 0 < € < Ll(”)ﬁ1 we have (- )ﬁ < ’QL Meanwhile, choosing o = for all ¢ can

guarantee that (% )Bz < § for all ¢ because (L )=1< (%)% forn > 2. If n = 1, we can still
choose smaller o} s.t. ( )52 < 5, and we omit the details since it is easy to verify. Combing the

above statement with the 1nequa11ty Pr;, > %’ Zthl |D¢|/|Da,|, we have

T =~ T =~
Pr;, > ?Z K/Zﬂ

t=1 #504t

aly L + . . . .
Let the number of iterations 7" to approach (Z T)P2 = (£;)?r. Solving this equation results in that

T = *32 log L+1e poly(s, By ,62,1ogL1) For simplicity, we assume that 52 1og Lit1isa



positive integer and let the classifier-based optimization algorithms run 7" = 5 2 log L + 1 number

-1
of iterations. Now, we can conclude that Pr;, > (poly(;7 n, E’ B2, log L1, log L—2)> .

_ -1
Substituting Pr;, > (poly(%,n, é,ﬁg,log Ly, log L%)) into Lemma 1, we have (m + 1)T €
poly(,n, ﬁ%, B2,In Ly, 1n L%) -In }, with probability at least 1 — &. Finally, combining the fact
that Rp, < (1 — 6)/2 can be guaranteed with poly(%,n) sampled solutions in each iteration
and T € poly(%7 n, é, B2,1n Ly), the (¢,0)-query complexity of the classifier-based optimization

1,52,1nL1,1nLi2)-1n%. |

algorithms belongs to poly(%,n, 3

Proof of Corollary 2

COROLLARY 2
In compact continuous domains X, given f € Ffl’Ll’B2’L2, 0 < 6 < 1ande > 0, for a classifier-

based optimization algorithm using a classification algorithm with convergence rate é(% ), under the
conditions that error-target dependence 0 < 1 and shrinking rate vy > 0, the (¢,0 )-query complexity
of the classifier-based optimization algorithm belongs to poly(%, n, %, B2, In Ly, 1n L%) -In %.

Proof. By the proof procedure of Theorem 1, letting Q = 2 (i.e., A = 1/2), we have Pry,

2
%ZtT:l(Kt “|Del)/ (7 - |Da,l), where Ky = 1 — 2Rp, — 6. Assume that < 1, since K; =
1 —2Rp, — 0 for all ¢, there must exist a constant X > 0 such that K; > K as long as Rp, <
(1 — 6)/2 for all t. Under the assumption of classifier-based optimization using the classification

algorithms with convergence rate é(%) Rp, < (1—6)/2 can be guaranteed if the sampled solution
size m in each iteration belongs to poly(t,n) [2]. Letting K’ = K/, we therefore obtain that

Pr, > A5 (K- ID))/(7+|Da,|) = & 521 IDe|/| Da, |-

Since f € F PP we know Loflz — 2*[|5* < f(x) — f(«*) < Lillz — 2*||3". Denote
De={z € X ||z —a*|5" < {-}. It can be verified directly that D, C D, and thus |D,| < |D,|.
Let of = oy — f(z*) and we assume that ap > 0. D, = {2z € X|f(z) <y} ={z €
X|f(z) = f(z*) < aj}. Denote Do, = {z € X ||z —2*[5> < $}. Similarly, we have
Dq, C D, and thus | Dy, | < |Da,|. Note that #D, is the volume of /5 ball of radlus (+ )/31 in

R™ which is proportional to (= )31 and #D,, is the volume of /5 ball of radius (£ i )52 in R™

which is proportional to (£ )/’2 Combing it with the inequality Pr), > £ Zt 11De|/|Da, |, we
have

PI‘h

v

2k 22

K

T
:ﬁi (/L)
T =1 at/LZ 32

Olt

1 no
K' L§
= — 651 o 52 .
T I = Z f
! =1
1, 1
We choose o, = 3, and use the number of iterations 7" to approach (o)~ 7z = (Ly?€Pr /L)~

Solving this equation results in that 7" = gf log Lo 2 —log Ly € poly(: o5 1, i, B2,log L1,log L%)
For simplicity, we assume that % log % — log L, is a positive integer and let the classifier-based

optimization algorithms run 7' = % log % — log Ly number of iterations. Now, we can conclude

—1
that Prj, > (poly( n, El,ﬁg,long,log L%)) .



Substituting Prj, > (poly(%, n, -, B2,log L1, log %2)) into Lemma 1, we have (m + 1)T €
poly(i,n, ﬂ%, B2,InLq,In L%) +In %, with probability at least 1 — &. Finally, combining the fact
that Rp, < (1 — 6)/2 can be guaranteed with poly(2,n) sampled solutions in each iteration and
T € poly( %, n, é, B2,In Ly, 1In L%), the (e,0)-query complexity of the classifier-based optimiza-
tion algorithms belongs to poly(Z,n, é, Bo2,In Ly, In L%) ‘In}. [ |

Proof of Corollary 3

COROLLARY 3

In compact continuous domains X, given f € F satistying Zthl () Ne=m € Q (ENP_”), 0 <
0 < 1ande > 0, for a classifier-based optimization algorithm using the classification algorithms
with convergence rate © ( %), under the conditions that error-target dependence 6 < 1 and shrinking
rate v > 0, the (¢,0)-query complexity of the classifier-based optimization algorithm belongs to
poly(%,n) -In %.

Proof. By the proof procedure of Theorem 1, letting @ = 2 (i.e., A = 1/2), we have Pry,

>
%Zle(Kt D)/ (v - |Da, ), where K; = 1 — 2Rp, — 0. Assume that § < 1, since K; =
1 —2Rp, — 6 for all ¢, there must exist a constant X > 0 such that K; > K as long as Rp, <

(1 — 0)/2 for all t. Under the assumption of classifier-based optimization using the classification
algorithms with convergence rate @(%), Rp, < (1—60)/2 can be guaranteed if the sampled solution

size m in each iteration belongs to poly(t,n) [2]. Letting K’ = K/, we therefore obtain that
5= T " T
Pr;, > %Zt:l(K “|De|)/ (v - |Da,|) = KT Zt=1 |De|/|Da, |-

Recall that D. = {z € X | f(z) — f(z*) < €} forany € > 0. Let o} = o — f(«*) and we assume
that o > 0, thus, D,,, = {z € X | f(z) < az} = {zx € X | f(x) — f(z*) < o4}. Let V(D,),
V(Da,) and V(ne) denote the volume of D, D, and /3 ball of radius 7e in R™ respectively. By
the definition of \V,, and NV, we have

Cre ™ Nv . V(ne) < V(Do) = #D. < Coe N - V(ne),
Ci(a)) ™7 - V(noy) < V(Da,) = #Da, < Ca(a) ™M - V(na}).

Note that the volume of /5 ball of radius ne in R™ is #2/11) (ne)™. Combing it with the inequality
Pry, > £ 5/ |D.|/|Da,|. we have

== Dl K’ #D.
PI‘h = = — Z
T t=1 [Da | r t=1 #Da,
K’ CreNe -V (ne) B EXT: Cre N - (ne)”
=T 2 Gl N Vnap | T 2 Colal) Ve - (nal)
ClK/ € NVr ClK/ '6n_NT’ I NNa—n
C,T ; (o) )n—Ne CyT ;(%) .

Let T € poly(%,n), if the problem f € F satisfying Y (N € Q (eMr™), we can
conclude that Pr;, > (poly(%m))f1

Substituting Prj, > (poly(Z, n))fl into Lemma 1, we have (m + 1)T € poly(1,n)-In %, with
probability at least 1 — §. Finally, combining the fact that Rp, < (1 — 6)/2 can be guaranteed with
poly(%7 n) sampled solutions in each iteration and T' € poly(%, n), the (e,0)-query complexity of
the classifier-based optimization algorithms belongs to poly(%7 n)-1n %. |
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