A Appendix: Oracles

Proposition 1. Ler é(x,d) := {(x,d) — ¢(x) be a (0(x),b(x))-subexponential random variable
and Varg.p [((z,d)] < é(z)?, for some D(z),b(x),é(z). Let e(x,S) = |f(x,S) — ¢(z)| and

Esle(z,S)] < \/lﬁ é(x) and e(x,S)is (v(z),b(x))-subexponential,
with v(z) = b(z) = 8¢% max { 6%)7 l;(x)}

Proof of the Proposition 1

Proof. We will first show that Ege(z, S) < f é(x). Since |S| = N, we have

2
ES 6(1’ S = ES

Z@xd

N i )
_ % ‘Es dezs (U(z, d) — p(z))
_ % Equp [0z, d) — $(2)]?

< % e(a)

Combining this with the inequality [E e(z, §)]* < E [e(z, 5)?] gives E(e(x, 5)) <

Next, we will show that e(z, §) is sub-exponential. We have

NZéa:d

des

Note that Y := % > ,c5(l(z,d) — ¢(x)) is sub-exponential with parameters (':}’i),b( )), be-
cause it is the average of N independent sub-exponential random variables each with parameters
(0(z),b(z)). For any random variable Y, let YNy, = supg>1 % (IE|Y| ) denote the sub-

exponential norm of Y. Then

le(z,S) —Ee(z, ), < e, S),, +I[Ee(z,S)l,, (triangle inequality)
= lle(x; S)ly, + [Ee(z, S)| (lally, = lal for any a € R)
< le(z, Sy, +Ele(z,S)] (Jensen’s inequality)
< 2|le(z, ), (definition of || - [[,;, )
=2||[Y1ll, (definition of Y))
=2[Y|,, (definition of || - [[,;, )
< 4ma { ¥(z) B(m)} (Proposition 2.7.1 () — (b) in [ D

X< —==, .

< VN p

Applying Proposition 2.7.1 (b) — (e) in [ 1, we get that e(z,S) is (m(z),m(x))-
subexponential, where M (z) = 8¢2 max { 'f/(%), 13(33)}

O
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Proposition 2. Let g = g(x,S). Assuming Eq.pVE(z,d) = Vo(x), then

M, + M, ||Vé(z)|* .{1 (1 + ka)? }
5 LU SRR}
g K22 [|[Ve(r)]

S| >

implies
P(lg = Vo(z)|| < max{ey, kelgll}) =1 - 6.

This bound implies a looser bound of:

oM, 2M,(1 + ra)?
S| > .
1512 max{ deZ ’ OKr2a2

Proof of Proposition 2

Proof. For any fixed M > 0, by Markov inequality, we have

l ) B 2o

M2
Let M = max{e,,n||Vo(z)

> Vi(x,d) — EqupVi(z,d)
des

1

S|
M+ My V()]
NS

}, with n = 7%= € (0, 1). Since g = ﬁ > des VE(x,d), we have

M.+ M, |Vé(z)|?
|S|- max{eg,n || Vo(x)|}?
%W

P(llg = V()| < maxfeg,n[[Vo(z)[|}) =1 -

Notice if ¢, > 1 [|[V(x)]|, the above inequality implies that for |S| > , the desired
result is obtained. On the other hand, if ||g — Vo (z)|| < n||V@(x)]|, by triangle inequality:

IV6) = gl < nIVo(@)l = nlVo()] <+ gl
= llg = Vo)l < 77 lgll = we gl

2 2
Hence, by picking |S|> M.+, \gv¢(m)|\ n?ofiﬁgg()x)lﬁ , we obtain the desired result for the case

llg — Vo(z)|| <n||Ve(z)|. Putting these two cases together, we get that as long as
Mot My VoI 1 (1t ka)?

g &5 K22 |Ve(a)|* |’
P(|lg — Vo(x)|| < max{e,, car|lg||}) > 1 — ¢ will hold.

For simplicity in presentation, this also implies the result holds with

|8 >

oM, 2M,(1 + ra)?
152 max{ oe2’ dKk2a? ’
O
Proposition 3. Ler g = g(x,U), and fix e, = 2 (\/ﬁLo + @) where 1 is the dimension of x.
Then
2
3126%n(n+2)(n+4) + tn+18n | V()| | 4 1
] > s min] :

€ Ko €g

0 (w2 Vo)l - %)
implies

P(|lg — Vé(z)|| < max{e,, allg||}) > 1 —4.
Note that in the setting, €, is a fixed bias dependent on o, and cannot be made arbitrarily small.
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Proof of Proposition 3

Proof. Let F(x) = E,n(0,1)[¢(x+0u)] be the Gaussian smoothing of ¢, and N = [/|. In Section
230of [ ], it is shown that

IVE(z) - Vo) < viLo + Y2 = ¢ a)

4
2’
L
AL

and g(z,U) is an unbiased estimator of VF'(z) with Var{g(z,U)} = +r(x)I where

K(z) =3 (3 IVe(@)|I* + %(n +2)(n+4) + 4;;’) :
Note that since E[g(z,U)] = VF(x), we have
Ellg(e.20) - VF(@)|"] = tr(Varlg(o.U)) < tr ()1 ) = (o)

We use these facts to show that Gaussian smoothed gradients gives a valid first order oracle. First,
by the triangle inequality, we have

lg(z,U) = V()| <lg(z,U) = VF(z)| + |[VF(z) = Vo(z)]|.

Let M = max{e,,n||Vo(z)|}, where n = Then we have

1+mx
P(llg(z,U) = Vo(x )||>M)<P(|| (, VF(z)| +VF(z) = Vo(z)| > M)
<P (llgla.th) - VF@)| + L > M)
ﬁﬁm VE@)| > M- 2)
Pmeu It > (- %))
< Efllg(=,t) — . 2(93)”2] (Markov’s inequality)
1 -%)
nk(zx)
TN (M- %)
Therefore, if
2
nk(x) nk(x) . 4 1
N > 5 = -min § —, . ()
S5 eanvwm—;ﬁ>
_nefz) {4 L } ©)
) % Vel -3)" [

then

P (lg(z,U) = V()| > max{ey, n[|[Vo(z)||}) < 6.
(To go from (8) to (9), note that when 7 || V(z)|| — %‘7 is negative, it is greater than f%".)
Now, using the same argument as in the proof of Proposition 2, we get that

lg(z,U) — Vé(z)|| > max{eg, v ||g(z,U)||} implies |g(z,U) — Vé(z)|| > max{es, n V()| }.
Therefore, if N is greater than or equal to the bound in (9), then

P(llg(z,U) = Vo(x)|| > max{ey, ka|[g(z, U)[[}) <0
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B Appendix: Proof of Lemma 2

Lemma 2. For any positive integer t and any p € (%, 1], we have

t—1 t—1
1 d
]P’(TE >tand Y I > ptand Y UpOrli < <ﬁ—2)t—2> =0,

k=0 k=0

where d = max{—mo‘f’ﬂ,()}.
ny

To prove Lemma 2, we will first prove two additional lemmas. The first lemma shows that the
number of large and successful iterations is bounded below by the number of large and unsuccessful
ones up to a constant.

Lemma 3. Let d = max {*W, O}. For any positive integer t, we have

t—1 t—1
EE:IHJ)k > 2{:(&{1-—()k)—-d.
k=0 k=0

Proof. The proof follows simply from the fact that any unsuccessful step decreases the step size by
a factor of ~, while any large successful step increases the step by a factor of v~ 1. Since a large step
at iteration k has both oy, and a1 bounded from below by @, every time «, gets decreased has to
correspond to a large step where it gets increased, except for at most max{—(In «g — In &) /In~, 0}
iterations, which is the number of unsuccessful steps it takes to decrease step size from o to &. [

(Without loss of generality, one may assume cy > @, as g can chosen to be large.)

Corollary 1. From Lemma 3 we have
t—1 =
j{:lhADk > 3 (j{:lh;—-d>
k=0 k=0
The next Lemma is an analogue of Lemma 3 for the small steps, it states that the number of small

true steps is upper-bounded by the number of small false steps.

Lemma 4. For any positive integer t < I, we have:

t—1 t—1
Y A=U)L <Y (=T - 1I).
k=0 k=0
Proof. We have
t—1 t—1 t—1 t—1
DA-UL <Y (1-Up)0r <> (1-Up)(1—6r) <Y (1—Up)(1 - Ii).
k=0 k=0 k=0 k=0

The first inequality follows from Assumption 3(iv), which implies that the number of small suc-
cessful iterations is at least the number of small true iterations. The second inequality follows from
the fact that the number of small steps where «y, is increased is bounded by the number of small
steps where «y, is decreased. The third inequality again uses Assumption 3 (iv), since any small
unsuccessful has to be false.

We are now ready to prove Lemma 2.

For any positive integer t and any p € (%, 1], we have

t—1 t—1
1 d
]P’(TE >tand Y I, > ptand Y UpOpl; < (ﬁ—2>t—2> = 0.

k=0 k=0
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Proof. 1t suffices to show that the two events 7. > ¢ and ZZ;IO I, > pt together imply
Z;t UOl, > (;ﬁ — %) t — %. In the remainder of the proof, assume that 7. > ¢ and
o In = pt.

Among the first ¢ steps, let

o L= 2_:10 Uy}, be the number of true large steps,
o Ly= };—:t U (1 — Ij) be the number of false large steps,
T };—:10(1 — Uy) I, be the number of true small steps,

Sy = Z_:lo(l — Uk)(1 — I,) be the number of false small steps,

L = L; + L be the number of large steps,

S = Sy + S be the number of small steps.

Observe that L 4+ S = t, because every step is either large or small. Moreover, since Z};;t Iy, > pt,
this implies
t—1
Li+8;=> (1-1I) <n-—pt. (10)
k=0
Also, from Lemma 4 and the fact that n < 7., we know that

t—1 t—1
Se=Y (1-U) <> (1-Up)(1—1I) = S (11)
k=0 k=0

Now, recall from Corollary 1 that the number of large, successful steps is Zz;lo UrOr > % (L —d).
Also, note that
t—1 t—1

t—1
Z Up©y = Z U,OI;, + Z Up©r(1 — I).
k=0

k=0 k=0
This implies that the number of large, successful, true steps is at least

t—1 L d t—1
;)Uk@kfk > 5 — 5 — ;)Uk@k(l — Ik)

I d t—1
Zg—i—ZUk(l_Ik)
k=0

L d
=22
2 2
eSSy 4
2 2
t—S,—8; d .
> 5~ (@=pt=5p)  (byl0)
S-S5 (.1 d
5 (pz)t2
1
z<p2>t (by 11)
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C Appendix: Proof of Theorem 2

Theorem 2 (Iteration complexity in the bounded noise setting). Suppose Assumption 3 holds, and
er ey < €y at every iteration. Then for any p € (3 + %,p), andt > % we have
b

(&)

2

>

A2
P(I: <t) >1—exp (_(])2pzp)t>’

where R = ,fg) + % and d = max{fW,O}.

Proof. In the bounded noise case, Assumption 3 tells us that as long as k£ < T, we have Z; 1 <
Zk — h(d) + 46f if Uka@k = 1, and Zk+1 < Zk +46f if Uklkgz =0.

The event T, > ¢ implies that Z, > 0 (since Z; = 0 can only happen at global optimality, hence
T, gl t), this in turn implies the event Zz;lo Upl©r < (p— %)t — % To see this, assume that
S o Urlk©r > (p— L)t — £, then

Zy < ZO—[(<13— ;) t— g) h(@) —t-4ef] = ZO—<(;5— ;) h(@) —45f> t+g-h(a) <0.

The last inequality above used the assumptions that p > 1 + ,f(e & andt > —E
P=3~n&)
Thus, we get
S 1\, d
P(I. >t)=P| T, >1t, Ue,l, <|p—=)t—=
A N

t—1 t—1
1 d
= <T€>t, E UOrl < (ﬁQ)t2, E I <]3t>

k=0

t—1 i—1
1 d
+P (TE > t, ZUkeka < (ﬁ— 2) t— > ka Zﬁt>

k=0 k=0
= (p — p)?
<P kZ_OIk < pt —|—O§exp(—2pzt>.

Here, the first equality is due to the fact that the event 7. > t implies the event 22—210 UOi I <

(p— %)t — &. The first inequality uses Lemma 2, and the last inequality is by Lemma .

O

D Appendix: Proof of Theorem 3

Theorem 3 (Iteration complexity in the sub-exponential noise setting). Suppose Assumptions 2 and
3 hold. Then forany s > 0, p € (% + depts ,p), and t > —L—— we have
2 h(a) ﬁ7%7 h{é)

—D 2 H szt st
P(T. <t)>1—exp (—(pf)t> —e‘m‘“{W%},
2p

where R = h%a) + g and d = max {—W,O}.

Proof. By Assumption 3, forall k£ < T, we have Zj;1 < Zk—h(d)+2ef+ek+e$ ifULILO, =1,
and Zy 1 < Zp + 2¢5 + e + eﬁ if U I 0 = 0. By the definition of the zeroth order oracle (1),
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we know that E[e;] and E[e;] are bounded above by ¢ for all k. By the law of total probability,

t—1
1
P(T. > t) =P | T. > t, ;Z(2€f+€k+€;r) <des+s
k=0

A

t—1
1
+P| T >t ;Z(2€f+6k+62—) >der+ s
k=0

B

First we bound P(B). For each k, since e and e; satisfy the one-sided sub-exponential bound
1 with parameters (v,b), it is not hard to show that ej, + e, satisfy 1 with parameters (2v, 2b).

Moreover, since e + ez has mean bounded by 2¢y, applying (one-sided) Bernstein’s inequality,
gives for any s > 0:

t—1

1 i1 s2t st

P(B) <P (t E (ek + eZ) > 2ef + s) < e~ min{gr i}
k=0

To bound P(A) we apply the law of total probability again,

t—1 t—1
1 1 d
I[D(A):]P’ T5>t,¥g (2€f+6k+62_)§4€f+8, E @kaUk<(ﬁ2)t2
k=0 k=0

Ay

t—1 t—1
1 1 d
+ ~
+P|T: >t, gkg_o(zef + ex +ek) <des + s, kE_O@kaUk > (p— 2) t— 3

Az

Using the same logic as the first parts of the proof of Theorem 2 we show that P(As) = 0 since

T. > tand 2 Y4 (2¢s +ep +e)f ) < dey + s together imply that 354 O, LUy < (p— 3) ¢t — 2.
Then, by the second part of the proof of Theorem 2 we have

t—1
1 d
P(A;) <P (TE >t > OpIUy < (ﬁ— 2) t— 2)

k=0

o (02,

2p

Combining P(A) and P(B), we conclude the proof.

E Appendix: Assumption 3 holds for Algorithm 1

In this section, we verify that Assumption 3 holds for Algorithm 1 when applied to smooth func-
tions which will allow us to apply the results in Section 4 to derive a high-probability bound on
complexity.

As noted earlier, when either ¢ or €, are not zero, Algorithm 1 does not converge to a stationary
point, but converges to a neighborhood where ||V (z)||< e, with € bounded from below in terms of
€y or €4. The specific relationship is as follows.

18



Inequality 1 (Lower bound on €).

€ > max %max{l_i_,ﬁa 1 } dey maX{O.5L+fs: L(1—n) }
777 rnax’l_n a(p_%) 1—-86 72(1_277_9(1_77)) s

for some n € (0, %).

Notice this bound is slightly more general than the one in the main body. If one assumes the oracle
can be made so that p is arbitrarily close to 1, then we have the following bound as in Assumption 4
in the main body:

> max{ & max {1+ ko L S ma boLx L
e X 7’]7 X maX71_7] 0 X 1—6 72(1—27’}_9(1_"’))) .

We restate Assumption 3 below for convenience.

Assumption 3 (Properties of the stochastic process). There exist a constant & > 0 and a non-
decreasing function h : R — R, which satisfies h(a)) > 0 for any « > 0, such that for any
realization of the algorithm, the following hold for all k < T_:

(i) h(@) > 8e;.
(i) P(I, = 1| Fx—1) > pforall k, with some p € (5 + %, 1].
(iii) If IO = 1 then Zy1 < Zi, — h(ou) + 4ey. (True, successful iterations make progress.)
(iv) If oy, < aand Iy, = 1 then O, = 1.
(V) Zis1 < Zk+2€5 + e + e',:forall k.

Proposition 4 (Assumption 3 holds for Algorithm 1). If Inequality I and Assumption 1 and 2 hold,
then Assumption 3 holds for Algorithm 1 with the following p, & and h(«):

1. p = 1 — § when the noise is bounded by €4, and p = 1 — § — exp (— min{2“7227 %})
otherwise. Here u = inf,{e; — E[e(z)]}.

= s 1-6  2(1—2n—6(1—n))
2. O‘—mm{o.sL-m’ Lzl—n) 1 }

3. h(a) = min {%, O (1 — 77)262}.

Proof. We will show that each item in Assumption 3 holds. Throughout the proof, we use f(z) to
mean f(x,&(x)) for clarity.

(i) We need to show that h(&) > 8¢;. Indeed, using

h(a) = min{ L )2,(1 n)Q}esza,

(1 + Komax

with

_ . 1-60 2(1—-2n—-0(1—1n))
O = min 5 5
0.5L + K L(1—n)

and the Inequality 1 on &, we conclude that (i) holds.
(i) We denote Jy, := 1 {||gr — Vo(xi)| < max{eg, Ay ||grll}}

Clearly, we have

P(Ik =0 | ]:kfl) = P(Jk =0 or e —}-ekJ,r > 26f ‘ -kal)
<P(Jy=0|Fpo1) +P (e +ef > 265 | For)

The first term is bounded above by &, based on the use of the first order oracle. The sec-
ond term is zero in the case when €y is a deterministic bound on the noise. Otherwise,
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since ey and ei individually satisfy the one-sided sub-exponential bound in 1 with param-
eters € and (v, b), it is not hard to show that e + eﬁ satisfy 1 with parameters 2¢; and
(2v,2b). Hence by (one-sided) Bernstein’s inequality, the second term is bounded above
H w2
by e~ ™iM{z7:355 ) (Recall that u = inf,{e; — E[e(x)]}.) Thus we have shown that
P(Iy =1|Fx-1) >p

for all &, for the p in the statement of this Proposition.

The factp € (1 + : (Z 3> 1] follows from the definitions of h and & in the statement of this

Proposition, together with the Inequality 1 on €.

(iii) Since iteration k is true, we know that ||gr — Vé(xr)|| < max{ey, kay || gx||}. We consider
two cases:

o Suppose ||gr — Vé(xr)|| < kay || gx||- By triangle inequality, we get

1
lgell > T rop V(i) Vo(xr)l -

[ > ——
1+ Kamax

Together with the fact that iteration k is successful, we obtain

.0 |V (i) |

2
f(@rg1) = f(@e) < —ouwb ||gnll” + 265 < — (1 + Fetm)?

+ 2€f
o Suppose ||gr — Vo(zi)|| < €. Since k < T, we have |[Vo(xg)|| > ¢ > %9
This implies that ||gr — Vo (zi)|| < 1 1|Vé(zk)|. Rearranging this using the triangle

inequality, we get that
lgrll = (1 =n) [V (i) -

Putting this together with the fact that iteration & is successful, we obtain

F(@iin) = Fen) < —anbllgell® + 25 < —axd(1 - n)? [Vo(an)|® + 2.

Combining the above two cases, we get that on any true, successful iteration with k£ < T,
the following inequality holds:

f(l‘k+1)—f(wk)é—min{ ! )2,<1—n)z}ake||v¢<xk>||2+2ef.

(1 + Kamax

By k < T, we know ||[V¢(z)| > e, so the above inequality implies f(zr11) — f(zx) <
—h(ay)+2¢y. Finally, because ek+e: < 2¢y on true iterations, we get ¢(xx11)—@(zx) <
—h(ag) + 4ey. Recall that 7, = o(z) — @*, 80 Zp11 — Zi, = d(xg41) — d(xx). This
proves (iii).

(iv) We first show that if o, < & and I}, = 1, then

Sk — argr) < dlar) — ond lgil - (12)
Since I, = 1, ||gr — V@ (zk)|| < max{roy ||gkl|, €} Just like in the proof of (iii), we
consider two cases:

1-0

e Suppose ||gr — Vé(zk)|| < kag ||gk||. Thensince o < & < 5L e

1 and Lemma 3.1 of [ ], we have 12 hold.

o Suppose |lgx — Vo(xy)|| < €4. Since k < T, we have ||[Vo(zi)| > ¢ > %‘7 by
Inequality 1. Therefore, ||gr — Vo(z1)|| < n||Vé(xy)||. Combining this with the
fact that o, < a < %, by Assumption 1 and Lemma 4.3 of [ ]

(applied with ey = 0), we have 12 hold.

by Assumption

Now, recalling the definitions of e; and ez and using the fact that ej, + eﬁ < 2¢; (since
I, = 1), inequality (12) implies

Flay — argr) < flar) — arllgel® +ex +ef < fxr) — ard ||gx | + 2,

which proves (iv).
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Training loss for breast_w Training loss for biomed Training loss for spect

—— ALOE std/5 10° —— ALOE std/5 —— ALOE std/5
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0 100 200 300 400 500 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Figure 4: ALOE is robust to the choice of ;.

(v) Note that Zj, 11 = Zj, on any unsuccessful iteration, so the inequality holds trivially in that case.
On the other hand, if iteration £ is successful, then by the modified Armijo condition, we
have

F(@ri1) = flan) < —awd ||gil|” + 2¢5 < 26

This implies that ¢(z41) — d(zk) < 265 +eg+e; . Since Zy1—Zi, = ¢(wp41) — d(xk),
(v) is proved.

Applying it to Theorem 3 gives the explicit complexity bound for Algorithm 1:

Theorem 4. Suppose the Inequality 1 on € is satisfied for some n € (0, %), and Assumptions

I and 2 hold, then we have the following bound on the iteration complexity: For any s > 0, p €
(% + 42{;5,17), andt > AiiRuersy

1
27 o2

(p—p)? [ st st
P(Tegt)zl—exp<—2th —exp | —ming o, 0 )

Here, R = ‘b(wcoi);‘b* + max {—W,O}, C = min{m, (1- 77)2} b, with p and &

as defined in Proposition 4.

F Appendix: Additional experimental results

We now present additional experimental results with ALOE. The first set of experiments shown in
Figure 4 compares the performance of ALOE using different choices of the error threshold e;. We
observe that the algorithm is fairly robust with respect to these choices, but overall selecting ey > 0
is justified in practice.

Next we show results of applying ALOE (and SLS) on two different neural network architectures,
using softmax loss function, trained on MNIST Handwritten Digit Classification Dataset. The first
architecture is a multi-layer perceptron (MLP) neural network that has four layers: an input layer
with 784 nodes, two hidden layer with 512 and 256 nodes, and an output layer with 10 nodes. All
activation functions are ReLU. This is the same architecture as in [ ]. The results are shown
in Figure 5. The second network is a small convolutional neural network (CNN) that in addition
to the input and output layers, has two convolutional layers and one fully connected layer. Each
convolutional layer uses a 3 x 3 kernel with a stride length of 1, and is followed by a 2 x 2 max
pooling. This architecture follows the tutorial at this link. The results are in Figure 6.

Thus we have two non-convex problems, to which we apply two versions of ALOE and one version
of SLS. The algorithms are: 1) ALOE 1 is the ALOE algorithm with v = 0.7, 2) ALOE 2 is the
ALOE algorithm with v = 0.9. 3) SLS algorithm uses the suggested parameters as in the paper
[ ]. The reason for using v = 0.9 is because in these experiments this value is closer to the
parameters chosen by SLS, where + is chosen heuristically, depending on the size of the data set and
the mini-batch size.
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In each figure, the leftmost plot shows the progress of the training loss of each algorithm, the central
plot shows the progress of the testing loss, and the rightmost plot shows the progress of the validation
error.

Figure 5 demonstrates that for the MLP, the behavior of ALOE algorithm on the testing and training
loss is somewhat similar - both losses start to increase at about the time when the validation accu-
racies plateau at about 98%. SLS however, like most SGD algorithms, continues to improve the
training loss without improving the validation loss. We find this observation supports our theoretical
results that ALOE optimizes the expected loss, rather than the empirical loss, but only up to certain
accuracy. The average test set error rates for all three algorithms in this case are similar, which are
about 2%. In Figure 6 we observe that ALOE manages to reach much better accuracy than SLS
on the CNN. Specifically, the average test set error rates for ALOE 1, ALOE 2 and SLS are 0.9%,
0.9% and 51% respectively. In Figure 7, we plot the step sizes for each algorithm. We hypothesize
that the reason SLS does not perform well on this problem is because the step size becomes quite
small and the algorithm does not manage to progress. ALOE however, is able to take large steps and
progresses well.

Careful exploration of practical variants of ALOE, such as heuristics for vy, € and a minibatch size
are subject for future research.

MNIST Training Loss (Medium MLP) MNIST Loss on Test Set (Medium MLP) MNIST Test Error (Medium MLP)

10°

— ALOE 1
ALOE 2

Test Error

0 10000 20000 30000 40000 50000 60000 70000 80000 0 10000 20000 30000 40000 50000 60000 70000 80000 0 10000 20000 3“"|°° 40000 50000 60000 70000 80000
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Figure 5: MNIST with multi-layer perceptron neural network
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Figure 6: MNIST with CNN

MNIST Stepsizes (Small CNN)
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Figure 7: Step-sizes for MNIST with CNN
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