Depth-Width Tradeoffs in Approximating Natural Functions with Neural Networks

A. Additional Proofs
A.1. Proof of Thm. 2

This proof bears resemblance to the proof provided in Eldan & Shamir (2016)[Lemma 10], albeit once approximating
Hx||§, the following construction takes a slightly different route. For completeness, we also state assumptions 1 and 2 from
Eldan & Shamir (2016):

Assumption 1. Given the activation function o, there is a constant c, > 1 (depending only on o) such that the following
holds: For any L-Lipschitz function f : R — R which is constant outside a bounded interval [— R, R], and for any 6, there
exist scalars a, {a;, Bi, i}, where w < ¢, <= RL , such that the function

—Q+ZOL1 /811'7’77)

satisfies

sup [ f () — h(z)| < 6.

z€R

As discussed in Eldan & Shamir (2016), this assumption is satisfied by ReL.U, sigmoid, threshold, and more generally all
standard activation functions we are familiar with.

Assumption 2. The activation function o is (Lebesgue) measurable and satisfies
o ()] < C(1+|2[%)

for all x € R and for some constants C, o« > 0.

Proof. Consider the 4-Lipschitz function
I(x) = min {x2,4} ,

which is constant outside [—2, 2], as well as the function

M=

d
l(x;) = Z min {z7,4}

i=1

on R?. Applying assumption 1, we obtain a function /() having the form a + S aio (Biz — ;) so that

supl () ~ 1 ()| < 2,

z€R

SCUd

and where the width parameter w is at most . Consequently, the function

d ~
-3 i)
can be expressed in the form a + > | ;0 (B2 — ;) where w < Sco , yielding an approximation satisfying

sup
xER

7(x) —€(x)‘ <.
We now invoke assumption 1 again to approximate the 1-Lipschitz function

0 x < —0.5
f(z)=<x+05 z€[-0.5,05]
1 x> 0.5
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and obtain an approximation f (z) = @ + Zf’zl &0 (Bza: - ’yi) satisfying

sup | (@) - £ ()] <4/ ©)

zeR 2
where W < ¢,+/1/20.
Now consider the composition f o (Cu - Cu) , where ¢, > 0 is to be determined later. This composition has the form
w w
a+ Y wo [ Y vigo (wig,x)+biy) + e
i=1 j=1
for appropriate scalars a, u;, ¢;, v; 5, b; ; and vectors w; ;, and where w is at most max {800d2/5, Cor/ 1/2(5}. It is now

left to bound the approximation error obtained by fo (Cu - Cu)- Define for any € > 0,

Rez{xeRdzl—eS||x||§§1+e}.

Since p is continuous, there exists € > 0 such that

=] >

Au@hé

Now, for any x € R? such that 1 + € < ||x||> we have

E(x)Zf(x)—ézmin{Hng,él}—éZ1+6—5.

Assuming 0 < €/2, we have the above is at least
1+¢/2.
Taking ¢, = 1/¢, we get

cﬂj(x)fc#:cw(g(x)fl) 2%:0.5,

= ~ ] ]
f(cu-ﬁ(x)—cu)e(1—\/;,14—\/;), @)
For any x € R? satisfying 1 + ¢ < Hng A similar argument shows that for any x € R satisfying ||X||§ <1 — e we have
: ~ b /6
f (Cu L (x) —cu) € (—\/; \/;> : 8)
Combining both Eq. (7) and Eq. (8) we obtain
- - 2
[ (F (6 760 = ) = 10l <1)) )
Rd
- - 2
[ (7 (e 160 =) = 1l <1)) )
R

and thus

Where the first summand in the penultimate inequality is justified due to f being bounded in the interval
[—\/5/2, 1+ \/5/2] by Eq. (6), and assuming 1 + /§/2 < /2, and the second summand justified due to Equations
(7) and (8), concluding the proof of the lemma. O
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A.2. Proof of Thm. 3

Consider an input distribution of the form
X = §rv,

where v is drawn from a certain distribution on the unit L; sphere {x : ||x||; = 1} to be specified later, and s is uniformly
distributed on [1,1 + €].

Let N
F(x) =Y a;[(w;,x) +bj],
j=1

be a 2-layer ReLU network of width N, such that with respect to the distribution above,

Ex [(f(Ix]l,) = F(x)?] = Ey [Es [(f(sr) = F(srv))*|v]] < %~
By Markov’s inequality, this implies
Pry (E, [f(sr) = F(srv)?|v] <6.) > % .

By the assumption on f, and the fact that s is uniform on [1, 1 + €], we have that E [f(sr) — F(srv)? ]v] < 8. only if fn
is not a linear function on the line between rv and (1 + €)rv. In other words, this line must be crossed by the hyperplane
{x: (wj,x) + b; = 0} for some neuron j. Thus, we must have

Pry(3je{l,...,N},s€[1,1+¢ st. (wj;,srv)+b;=0) > )

DO =

The left hand side equals
Pro(3je{l...N},s€[1,1+¢]s.t.(w;,v) =—b;/sr)

b; b;
= Pr, (Elj € {1...N}s.t (wj,v) between — ?] and — a —l-]e)r>

b; b;
< Pry <E|j €{l...N}s.t(wj,v) betwen — = and — (1 — e)]>
r T

WE

b; b;
Pry <<Wj,V> between — 2 and — (1 — e)j)
r T

1

<.
Il

b b
<N- sup Pry <<W7V> between — — and — (1 — e))

weRe beR r r

=N- sup Pry <<—rw7v> €[l —e¢ 1]) = N sup Pry ((w,v) € [1 —¢]1]),
weR beR b weR?

where in the first inequality we used the fact that l%re > 1—eforalle € (0,1), and in the second inequality we used a
union bound. Combining these inequalities with Eq. (9), we get that

1
= supy, Pry ((w,v) € [1 —¢,1])

As a result, to prove the theorem, it is enough to construct a distribution for v on the on the unit L ball, such that for any
W’

Pry ((w,v) € [1 —€,1]) < O(e + exp(—Q(d))) (10)
By the inequality above, we would then get that N = Q(min{1/e, exp(2(d))}).

Specifically, consider a distribution over v defined as follows: First, we sample o € {—1, +1}¢ uniformly at random, and
n € R from a standard Gaussian distribution, and define

.1 1
V:d(a'—i-cd(I—dcrch)n),
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where ¢4 > 0 is a parameter dependent on d to be determined later. It is easily verified that (o/d, V) = (o/d, o /d)
independent of n, hence v lies on the hyperplane containing the facet of the L; ball on which o /d resides. Calling this
facet I, we define v to have the same distribution as v, conditioned on v € F.

We begin by arguing that
Pry ((w,v) €[1 —¢1]) < 2-Pry ((w,v) €[l —¢1]). (11)

To see this, let A = {x : (w,x) € [1 — ¢, 1]}, and note that the left hand side equals
Pr(ve A) =Ey[Pr(v € Alo)] = E, [Pr (v € Alo,V € Fy)]

Pr(ve AN Fy|o) 1 )
= <
7 Pr(v € F,|o) ~ min, Pr(v € F,|o) Eq [Pr(v € Alo)]
Pr(v € A)

~ ming Pr(v € Fylo)’

Therefore, to prove Eq. (11), it is enough to prove that Pr(v € F,|o) > 1/2 for any o. As shown earlier, ¥ lies on the
hyperplane containing F,,, the facet of the L ball in which o /d resides. Thus, Vv can be outside F,, only if at least one
of its coordinates has a different sign than o. By definition of v, this can only happen if Hcd(I —oo'/ d)n”Oo > 1. The
probability of this event (over the random draw of n) equals
1 )
> .
Cd

d
1 1
cd <nj — gl Uj)‘ = 1) = (jer?l%.).{d} A E;UW"

Since 0; € {—1,1} for all 7, the event on the right hand side can only occur if |n;| > 1/2¢,4 for some j. Recalling that
each n; has a standard Gaussian distribution, this probability can be upper bounded by

1 1 1 1
P > — <d-P >— ) =2d-P > — < 2d- ——=
(e gg) s aom(mizgg) = 2aeme (2 ) = 2o (-5g)

where we used a union bound and a standard Gaussian tail bound. Thus, by picking

1
o= \/ 41og(4d)’

we can ensure that the probability is at most 1/2, hence proving that Pr(v € F,|o) > 1/2 and validating Eq. (11).

Pr ( max
je{l...d}

With Eq. (11) in hand, we now turn to upper bound

Pr((w,v) €[l —¢1]) = Pr (; <w,a+cd (120&) n>€[1e,1]>.

By the equation above, we have that conditioned on o, the distribution of (w, V) is Gaussian with mean (o, w) /d and

variance
2 2 2 2 2 2
T 1 T c; 2 (w,o) cq ||wl| 1/ w
% I—= = . AT ) o (ML) (-2 .
2V < Fldd ) w P2 <|W|| pi p pi ”WH,o’

By Hoeffding’s inequality, we have that for any ¢ > 0,

Prs <‘(0';lw>‘ >t- |W”> < 2exp(—2t?)

Pry <'<H:’VHJ>’ > \/3) < 2exp(—d).

This means that with probability at least 1 — 2 exp(—d) — 2 exp(—2t2) over the choice of o, the distribution of (w, V)

and

(conditioned on o) is Gaussian with mean bounded in absolute value by ¢ ||w|| /d, and variance of at least (%)

2
(1-%.4)=1 (%) . To continue, we utilize the following lemma:
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Lemma 1. Let n be a Gaussian random variable on R with mean p and variance v? for some v > 0. Then for any

e€ (0,1),
Pr(ne[l—e¢l]) < 1/2~max{1’|vu|}.1€.
T — €

Proof. Since the probability can only increase if we replace the mean p by ||, we will assume without loss of generality
that o > 0.

By definition of a Gaussian distribution, and using the easily-verified fact that exp(—2z2?) < min{1,1/z} for all z > 0, the
probability equals

1 ! — )2 _ )2
—_— / exp | — 7(36 Q) dr < ¢ max exp | — Lﬁ Q)
V2rv? Ji-e v? V22 zell-el] v2

€

v € 1 1
< ———- max ming 1, = - max min§ —, ——
T V2m? z€ll-el] { |x — ] } V2r zell—e1] {v |x — ] }

€ 1 € max{1, &
= . max = < max
V2or  we[i—e1) max{v, |x — p|} V21 wzel-e1] max{l, £} - max{v, |z — |}
€ max{1, £} € max{1, £}
< - max L = . - v
V2or we[l—e1) max{p, |z — p|} V2r  max{p, mingep 1y |2 — pl}
A simple case analysis reveals that the denominator is at least? 156, from which the result follows. O

Using this lemma and the previous observations, we get that with probability at least 1 — 2 exp(—d) — 2 exp(—2t2) over
the choice of o,

Pr((w,v) € [1 —¢,1]|0)

IN

eI

o, ALY
calwl VEaS T

€

t
-maxq1l, ——=, - .
{ Cd\/i} L—e

Letting E be the event that o is such that this inequality is satisfied (and noting that its probability of non-occurence is at
most 2 exp(—d) + 2 exp(—2t?)), we get overall that

Pr((w,v) € [1 —¢1]) = Pr(E)-Pr((w,v) € [l —¢,1)|E) + Pr(=FE) - Pr((w,¥) € [1 — ¢,1]|0F)
1-Pr((w,v) €[1—¢1]|E)+Pr(-F)-1

2 t €
Z max<{1,——= - —— 4+ 2exp(—d) + 2exp(—2t?).
Y2 e {1 b T 2exp(-d) + 2esp(-21)

Recalling Eq. (11) and the definition of ¢4, we get that

IN

IN

Pr((w,v) € [1—¢1]) < \/E . max{l,t- 2log(4d)} : i + 2exp(—d) + 2 exp(—2t%).

1—¢
€

<\/§ - max {1, \/log (16_6) 10g(4d)} + 2) . IL—E +2exp(—d) = O (e + exp(—d)).

This justifies Eq. (10), from which the result follows.

Picking t = % log (

), we get the bound

If p € [1 — €, 1], then we get max{u,0} = >1—c Ifp>1, wegetmax{p,p—1} >1>1—e Ifpu < 1—¢ weget
max{p,l —e—pu} > (1—¢€)/2.
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A.3. Proof of Thm. 4

The proof rests largely on the following key result:

Theorem 7. Let G,, be the family of piece-wise linear functions on the domain [0, 1] comprised of at most n linear segments.
Let G2 be the family of piece-wise linear functions on the domain [0, l]d, with the property that for any g € G¢ and any
affine transformation h : R — R%, g o h € G,,. Suppose f : [0, 1]d — R is C2. Then for all X\ > 0

A -aa(f)°

C .
inf —9)%dpg > ,
oeGe /[0,1]d(f 9) dpa = povr

_ _5
where ¢ = 555

Thm. 7 establishes that the error of a piece-wise linear approximation of a C? function cannot decay faster than quartically
in the number of linear segments of any one-dimensional projection of the approximating function. Note that this result is
stronger than a bound in terms of the total number of linear regions in R¢, since that number can be exponentially higher

(in the dimension) than n as defined in the theorem.

Before proving Thm. 7, let us explain how we can use it to prove Thm. 4. To that end, we use the result in Telgarsky (2016,
Lemma 3.2), of which the following is an immediate corollary:

Corollary 2. Let N;i, ; denote the family of ReLU neural networks receiving input of dimension d and having depth | and
maximal width m. Then
Ng%l g g(d2m)l'

Combining this corollary with Thm. 7, the result follows. The remainder of this subsection will be devoted to proving
Thm. 7.

A.3.1. SOME TECHNICAL TOOLS
Definition 2. Let P; denote the i Legendre Polynomial given by Rodrigues’ formula:

Fi(@) = 21‘1¢!dd7; -1,

These polynomials are useful for the following analysis since they obey the orthogonality relationship

2

1
P, (z) P; == 5.
| R@P @ =528,

Since we are interested in approximations on small intervals where the approximating function is linear, we use the change

of variables x = %t — %a — 1 to obtain an orthogonal family {R} of shifted Legendre polynomials on the interval

[a, a + ¢] with respect to the Lo norm. The first few polynomials of this family are given by

Po (33) =1
~ 2 2
Py (z) = 7%~ <£a+ 1>
~ 6 , 12a 6 6a®>  6a
The shifted Legendre polynomials obey the orthogonality relationship
a+{ N N Y
| R@P @ = g (13)

Definition 3. We define the Fourier-Legendre series of a function [ : [a,a + ¢] — R to be

R

=0
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where the Fourier-Legendre Coefficients a,; are given by

. atl
aizmzl/a P (2) f (x) d.

Theorem 8. A generalization of Parseval’s identity yields

oo

2
%

2 _ a3
I, =3 5 (14)

Definition 4. A function f is A-strongly convex if for all w,u and o € (0, 1),
A 2
Flaw + (1 - a)u) < af(w) + (1 - a)f(w) = Sa(l = a) |w - ul?.

A function is A-strongly concave, if — f is A-strongly convex.

A.3.2. ONE-DIMENSIONAL LOWER BOUNDS

We begin by proving two useful lemmas; the first will allow us to compute the error of a linear approximation of one-
dimensional functions on arbitrary intervals, and the second will allow us to infer bounds on the entire domain of approxi-
mation, from the lower bounds we have on small intervals where the approximating function is linear.

Lemma 2. Let f € C?. Then the error of the optimal linear approximation of f denoted Pf on the interval [a,a + ]
satisfies

o0 ~9

as
—Pf|? =¢ - 1
If = PFflz, ;:2 51 (15)

Proof. A standard result on Legendre polynomials is that given any function f on the interval [a, a + £], the best linear
approximation (w.r.t. the Lo norm) is given by

Pf = &OPO (CU) —+ dlpl (ZL’) s

where Py, P, are the shifted Legendre polynomials of degree 0 and 1 respectively, and aq, a; are the first two Fourier-
Legendre coefficients of f as defined in Eq. (3). The square of the error obtained by this approximation is therefore

If = PfI” = 1£1* = 2(f. Pf) + IPfI°

= a2 a? a?
=/ % ) ~2 -1 ~2 -1
(ZZi—i—l (a°+3>+“°+3

=0

Where in the second equality we used the orthogonality relationship from Eq. (13), and the generalized Parseval’s identity
from Eq. (14). ]

Lemma 3. Suppose f : [0,1] — R satisfies || f — Pf||iz > cl® for some constant ¢ > 0, and on any interval [a,a + ] C
[0, 1]. Then
c

1
in —g)? —.
f/O(f 0)%dp >

9EGn n4

Proof. Let g € G, be some function, let ag = 0,a1,...,a,-1,a, = 1 denote its partition into segments of length
¢; = a; — aj_1, where g is linear when restricted to any interval [a;_1, a;], and let g;, 7 = 1,...,n denote the linear
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restriction of g to the interval [a;_1, a;]. Then

/Ol(f—g)zdu=zn:/::(f—gj)zdu

=1
= cZe;?. (16)

Now, recall Holder’s sum inequality which states that for any p, ¢ satisfying % + % = 1 we have

1/p 1/q

n n n
S lwyil < (D |yl > sl
Jj=1 Jj=1 j=1

Plugginginz; = ¢;,y; =1 Vj € {1,...,n} we have

n . 1/p
S < D] e,
j=1 j=1
and using the equalities Z;.l:l |¢;] =1 and g = p — 1 we get that
1 N
—T <Dl (17)
j=1

Plugging the inequality from Eq. (17) with p = 5 in Eq. (16) yields

1
2 C
—)Vdu> —
/0 (p—9) dp =,
concluding the proof of the lemma. O

Our first lower bound for approximation using piece-wise linear functions is for non-linear target functions of the simplest
kind. Namely, we obtain lower bounds on quadratic functions.

Theorem 9. If G,, is the family of piece-wise linear functions with at most n linear segments in the interval [0, 1], then for
any quadratic function p(x) = pax? + p1x + po, we have

1 2
inf —g)2du > P2 18
glengn/o (p—g)"dp > 180n4 (18)

Proof. Observe that since p is a degree 2 polynomial, we have that its coefficients satisfy a; = 0 Vi > 3, so from Lemma 2
~2

asl
5

its optimal approximation error equals —. Computing ao can be done directly from the equation

2
p() =Y P ().
1=0

Which gives ay = £ "’6132 due to Eq. (12). This implies that
2 _ p3l°

-p .
lp — Ppl| 180
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Note that for quadratic functions, the optimal error is dependent solely on the length of the interval. Using Lemma 3 with

3
Cc = 180 we get

! 2 p%
_ du >
/0 (p=9)"dp = 180n4’

concluding the proof of the theorem. O

Computing a lower bound for quadratic functions is made easy since the bound on any interval [a, a + ¢] depends on ¢ but

not on a. This is not the case in general, as can be seen by observing monomials of high degree k. As k grows, z* on

the interval [0, 0.5] converges rapidly to 0, whereas on [1 — %, 1] its second derivative is lower bounded by @, which
indicates that indeed a lower bound for z* will depend on a.

For non-quadratic functions, however, we now show that a lower bound can be derived under the assumption of strong
convexity (or strong concavity) in [0, 1].

Theorem 10. Suppose f : [0,1] — R is C? and either \-strongly convex or \-strongly concave. Then

1

inf (f — 9)%du > cX?n™4, (19)
9€Gn 0

where ¢ > 0 is a universal constant.

Proof. We first stress that an analogous assumption to A-strong convexity would be that f is A-strongly concave, since the
same bound can be derived under concavity by simply applying the theorem to the additive inverse of f, and observing
that the additive inverse of any piece-wise linear approximation of f is in itself, of course, a piece-wise linear function. For
this reason from now on we shall use the convexity assumption, but will also refer without loss of generality to concave
functions.

As in the previous proof, we first prove a bound on intervals of length ¢ and then generalize for the unit interval. From
Lemma 2, it suffices that we lower bound a5 (although this might not give the tightest lower bound in terms of constants,
it is possible to show that it does give a tight bound over all C? functions). We compute

at+t
iy = %/ Py (2) f (z) do
5 a+l 2 2

using the change of variables ¢t = %x — %a —1,dt = %d:c, we get the above equals

5 1 et

— P — —

2/_1 2(t)f(2t+2+a>dt
5 1

/ /
21[1 (3t2_1)f(2t+2—|—a> dt.
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We now integrate by parts twice, taking the anti-derivative of the polynomial to obtain

5 (4, T
Z/1(3zf —1)f(2t+2+a>dt

57, . T bose ! (0
4Uﬁﬂf<f+2+aﬂ_l8 1ﬁ3ﬂf(f+2+a>ﬁ

8 2" 2
ST N (G L
s \2 1 2’ T2 )]
502 (Y2t L, (0,
5, , 502 (L2 AN L, (0 0
t27ﬁ€

But since & [0, %] Yt € [—1,1] and since f”" > 0 due to strong convexity, we have that

2 4
1 2 4 1
2 L, (0, ¢ 1/ Ll t
—_ = — —t4+ = dt < — —t+ = dt.
/1(2 4>f Qz+2+“ s3) T \gttata

Plugging this inequality in Eq. (20) yields
5t S N
Go > / gl _ n* °
a2_32(f (a+0) = f'(a) 64 /_1f <2t+2+a)dt

Y4 502

= 35 (f'lat ) = f'(a)) = (f' (a+6) = f(a))
£\ b¢

(1_2>32(f’(a+€)—f/(a))7

1
_5t @—ﬂf(%+£+0m
-1

but ¢ < 1, so the above is at least
50

G @t~ f @),

(20)

2L

By Lagrange‘s intermediate value theorem, there exists some £ € [a,a + ¢] such that ' (a + £) — f'(a) = £f" (§), so

Eq. (21) is at least

502
afﬂ (g) )
and by using the strong convexity of f again, we get that
i > 52
2= 64
Lemma 2 now gives
0 ~3
as
—Pfl>=¢ :
If = PfI 2:; 51
~2
a
> (2
-5
5A2(5
— 4096

Finally, by using Lemma 3 we conclude
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We now derive a general lower bound for functions f : [0,1] — R.

Theorem 11. Suppose f : [0,1] — R is C2. Then for any A\ > 0

c-A2-oN(f)°
n4 '

1
inf /O (f —9)%dp >

9g€Gn

Proof. First, observe that if f is A-strongly convex on [a, b], then f ((b — a) z + a) is A (b — a)*-strongly convex on [0, 1]
since Vz € [0, 1],

0

@f((b—a)aﬂra):(b—a)Qf”((b—a)era)ZA(b—a)Q,

Now, we use the change of variables z = (b—a)t + a, dx = (b—a)dt

b
it / (f(x) - g(a))?da

— inf ( / (b—a)t+a) —g((b—a)t+a))*dt
gEgn 0
1
= inf b—a/ (b—a)t+a)—g(t)*dt
gegn 0
2 _ 5
Se A b—a (i’ a4 (22)
n

where the inequality follows from an application of Thm. 10. Back to the theorem statement, if o) = 0 then the bound
trivially holds, therefore assume A > 0 such that o) > 0. Since f is strongly convex on a set of measure o) > 0, the
theorem follows by applying the inequality from Eq. (22). O

A.3.3. MULTI-DIMENSIONAL LOWER BOUNDS

We now move to generalize the bounds in the previous subsection to general dimension d. Namely, we can now turn to
proving Thm. 7.

Proof of Thm. 7. Analogously to the proof of Thm. 11, we identify a neighborhood of f in which the restriction of f to a
line in a certain direction is non-linear. We then integrate along all lines in that direction and use the result of Thm. 11 to
establish the lower bound.

Before we can prove the theorem, we need to assert that indeed there exists a set having a strictly positive measure where
f has strong curvature along a certain direction. Assuming f is not piece-wise linear; namely, we have some x, € [0, 1]d
such that H (f) (xo) # 0. Since H (f) is continuous, we have that the function hy (x) = v' H (f) (x) v is continuous
and there exists a direction v € S?~! where without loss of generality h (xq) > 0. Thus, we have an open neighborhood
containing x¢ where restricting f to the direction v forms a strongly convex function, which implies that indeed o) > 0
for small enough A > 0.

We now integrate the approximation error on f in the neighborhood U along the direction v. Compute
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inf —q)%d
L [O,I]d(f 9)"dpia

= inf / / (f — 9)* dprdpa—s
9€gs u:(u,v)=0 J B:(u+Bv)€lo,1]?

> infd/ / (f = 9)* dpadpa
9€95% Ju:(u,v)=0 J B:(u+Bv)eU

. BA2
>/u:(u,v)—0 (i ({8 (utBv) € UN) 1506,
BA2

409604

dptg—1

/‘< Y=0 s ({B: (u+ Bv) € U})\5dud_1

5
5\2
> : UY)dpg_
= 409614 (/u:(u’v>0 H1 ({ﬂ (u + BV) € }) Hd 1)
~ 5M\%0}
~4096n4”
where in the second inequality we used Thm. 11 and in the third inequality we used Jensen ‘s inequality with respect to the

convex function z — |z|°. O
A 4. Proof of Thm. 6

We begin by monitoring the rate of growth of the error when performing either an addition or a multiplication. Suppose
that the given input @, b is of distance at most § > 0 from the desired target values a, b, i.e., |a — a| < 6,|b — b| < . Then
for addition we have ~ ~

(a+b) = (a+D)| <la—al+[p—B[ <20,

and for multiplication we compute the product error estimation
@-b—a-b| <[(a+8) (b+8)—a-
=16 (a+0b)+0°|. (23)

Now, we have bounded the error of approximating the product of two numbers which we only have approximations of, but
since the computation of the product itself cannot be done with perfect accuracy using ReLU networks, we need to suffer
the error of approximating a product, as shown in Thm. 5. We add the error of approximating the product of @ - b, which
we may assume is at most ¢ (assuming © (log, (M/4)) bits are used for the product, since each intermediate computation
is bounded in the interval [— M, M]). Overall, we get an error bound of

6 (a+b) + 6> + 6| < 3M0.

From this, we see that at each stage the error grows by at most a multiplicative factor of 3M. After ¢ operations, and with
an initial estimation error of &, we have that the error is bounded by (3M)"~' 6. Choosing § < (3M)' "¢ to guarantee
approximation €, we have from Thm. 5 that each operation will require at most

4 lrlog (Wﬂ +13<¢ (log (i) +tlog (M))
2 {log (M(?’iw)f_lﬂ +9<c <log (1) + tlog (M))

depth for some universal ¢ > 0. Composing the networks performing each operation, we arrive at a total network width

and depth of at most
1
c (t log <> + t?log (M)> .
€

width and
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Now, our target function is approximated to accuracy € by a function which our network approximates to the same accuracy
€, for a total approximation error of the target function by our network of 2e.

B. L, Ball Indicator Experiment

In this section, we run a similar experiment to the one presented in 3.1, this time with respect to indicators of L balls.

For this experiment, we sampled 5 - 10° data instances uniformly at random from the 14-dimensional L; unit sphere
(i.e. each instance is of dimension 15). We then scaled the norm of each instance independently by a scaler chosen
uniformly from the interval [0, 2]. To each instance, we associated a target value computed according to the target function
f(x) =1(|x|l; <1). Another 5 - 10* examples were generated in a similar manner and used as a validation set.

We trained 5 ReLU networks on this dataset:

e One 3-layer network, with a first hidden layer of size 100, a second hidden layer of size 20, and a linear output neuron.

e Four 2-layer networks, with hidden layer of sizes 100, 200, 400 and 800, and a linear output neuron.

Training was performed with backpropagation, using the TensorFlow library. We used the squared loss £(y,y’) = (y—y')?
and batches of size 100. For all networks, we chose a momentum parameter of 0.95, and a learning rate starting at 0.1,
decaying by a multiplicative factor of 0.95 every 1000 batches, and stopping at 10~

The results are presented in Fig. 3. Like the L, ball experiment, we see that adding depth when learning such functions is
much more helpful than increasing width. In fact, here the improvement by increased width is hardly noticeable, and the
width 400 network actually obtained a slightly better error than the width 800 network. In contrast, the 3-layer network
converged to a significantly better solution.
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Figure 3. The L experiment results, depicting the network’s root mean square error over the training set (top) and validation set (bottom),
as a function of the number of batches processed. Best viewed in color.
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