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Abstract. The classical universal approximation (UA) theorem for neu-
ral networks establishes mild conditions under which a feedforward neural
network can approximate a continuous function f with arbitrary accuracy.
A recent result shows that neural networks also enjoy a more general inter-
val universal approximation (IUA) theorem, in the sense that the abstract
interpretation semantics of the network using the interval domain can ap-
proximate the direct image map of f (i.e., the result of applying f to a set
of inputs) with arbitrary accuracy. These theorems, however, rest on the
unrealistic assumption that the neural network computes over infinitely
precise real numbers, whereas their software implementations in practice
compute over finite-precision floating-point numbers. An open question
is whether the IUA theorem still holds in the floating-point setting.
This paper introduces the first IUA theorem for floating-point neural
networks that proves their remarkable ability to perfectly capture the
direct image map of any rounded target function f, showing no limits
exist on their expressiveness. Our IUA theorem in the floating-point
setting exhibits material differences from the real-valued setting, which
reflects the fundamental distinctions between these two computational
models. This theorem also implies surprising corollaries, which include
(i) the existence of provably robust floating-point neural networks; and
(ii) the computational completeness of the class of straight-line programs
that use only floating-point additions and multiplications for the class of
all floating-point programs that halt.
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1 Introduction

Background. Despite the remarkable success of neural networks on diverse
tasks, these models often lack robustness and are subject to adversarial attacks.
Slight perturbations to the network inputs can cause the network to produce
significantly different outputs [23, 63], raising serious concerns in safety-critical
domains such as healthcare [18], cybersecurity [57], and autonomous driving [16].
These issues have brought about significant advances in new algorithms for
robustness verification [2, 34, 42], which prove the robustness of a given network;
and robust training [24, 48, 56, 68|, which train a network to be provably robust.
But despite these advances, provably robust networks do not yet achieve state-
of-the-art accuracy [38]. For example, on the CIFAR-10 image classification
benchmark, non-robust networks achieve over 99% accuracy, whereas the best
provably robust networks achieve less than 63% [37]. This performance gap has
prompted researchers to explore whether there exists fundamental limits on the
expressiveness of provably robust networks that restrict their accuracy [3].
Surprisingly, it has been proven that no such fundamental limit exists. Infor-
mally, for any continuous function f: R¢ — R and compact set I C R¢, there
exists a neural network g : R? — R whose robustness properties are “sufficiently
close” to those of f over K and easily provable using abstract interpretation [10]
over the interval domain. This result, known as the interval universal approrima-
tion (IUA) theorem [4, 66], generalizes the classical universal approximation (UA)
theorem [12, 27] from pointwise-values to intervals, and confirms that provably
robust networks do not suffer from a fundamental loss of expressive power.

Key challenges. The IUA theorem in [4, 66] overlooks a critical aspect of
real-world computation, which is the use of floating-point arithmetic instead of
real arithmetic. It assumes that neural networks and interval analyses operate
on arbitrary real numbers with exact operations. In reality, numerical implemen-
tations of neural networks use floating-point numbers and operations [22, §4.1],
sometimes with extremely low-precision to speed-up performance [14, 29]. This
discrepancy means that the existing IUA theorem does not directly apply to
neural networks that are implemented in software and actually used in practice.
To our knowledge, no prior work has studied the robustness and expressiveness
properties of floating-point neural networks or established an TUA theorem for
them. The unique complexities of floating-point arithmetic introduce daunting
challenges to any such theoretical study. For example, floating-point numbers
are discretized and bounded, and their operations have rounding errors that
become infinite in cases of overflow. Whereas the IUA proof over reals requires
very large real numbers for network weights or intermediate computations, these
values cannot be represented as floats. Naively rounding reals to floats causes
approximation errors that invalidate many steps of the IUA proofs in [4, 66].

This work. We formally study the IUA theorem over floating point, as a step
toward bridging the theory and practice of provably robust neural networks.
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(a) f : R* = R is a continuous target (b) f : F¢ — F is a rounded target function;
function; v : R* — R is a neural network. v : F?® — F is a neural network.

Fig. 1: Ilustration and comparison of the IUA theorems. (a) In the real-valued
setting, the neural network abstract interpretation # forms a d-approximation
to the image map of f. (b) In the floating-point setting, v* exactly computes the
upper and lower points of the image map of f: v#(B) = [min f(B), max f(B)]NF.

We first formulate a floating-point analog of the IUA theorem, considering
the details of floating point. Let f : R? — R be a target function to approximate.
Since all floating-point neural networks are functions between floating-point
values, they can at-best approximate the rounded version f : F¢ — F of f over
floats, where F denotes the set of all floats. The floating-point version of the ITUA
theorem asks the following: is there a floating-point neural network v : F¢ — F
whose interval semantics is arbitrarily close to the direct image map of the
rounded target f over [~1,1]4? More formally, this property means that for any
§ > 0, there exists a neural network v such that for all boxes B C [-1,1]¢ N F¢,

|min v*(B) — min f([j’)| <4, |max V4 (B) — maxf(B)’ <. (1)

In Eq. (1), v¥(B) is the result of abstract interpretation of B under v (using the
interval domain), and f(B) := {f(x) | x € B} C R is the image of B under f.
We prove that the I[UA theorem holds for floating-point networks, despite all
their numerical complexities. In particular, we show that for any target function
f and a large class of activation functions o, including most practical ones (e.g.,
ReLU, GELU, sigmoid), it is possible to find a floating-point network v with o
whose interval semantics ezactly matches the direct image map of the rounded
target f over [—1,1]4NF? (Figure 1). This result implies that no fundamental limit
exists on the expressiveness of provably robust floating-point neural networks.
Our result is considerably different from the previous IUA theorem over the
reals in three key aspects. The previous theorem considers continuous target
functions; requires a restricted class of so-called squashable activation functions;
and finds networks that are arbitrarily close to target functions. In contrast, our
result considers arbitrary target functions; allows almost all activation functions
used in practice; and find networks that are precisely equal to (rounded) target
functions. Our IUA theorem even holds for the identity activation function, which
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is not the case for the traditional IUA or UA theorems over real numbers, because
any network that uses the identity activation is affine over the reals.

As a corollary of our main theorem, we prove the following existence of
provably robust floating-point neural networks: given an ideal floating-point
classifier f (not necessarily a neural network) that is robust (not necessarily
provably robust), we can find a floating-point neural network v that is identical
to f and is provably robust with interval analysis. We also prove a nontrivial
result about “floating-point completeness”, as an unexpected byproduct of the
main theorem. Specifically, we show that the class of straight-line floating-point
programs that use only floating-point + and x operations is floating-point interval-
complete: it can simulate any terminating floating-point program that takes finite
floats as input and returns arbitrary floats as output. The same statement holds
under the interval semantics. To our knowledge, no prior work has identified such
a small yet powerful class of floating-point programs, suggesting that this corollary
is of significant independent interest to the extensive floating-point literature.

Contributions. This article makes the following contributions:

o We formalize a floating-point analog of the interval universal approrimation
(IUA) theorem, to bridge the theory and practice of provably robust neural
networks (§2, §3). It asks if there is a floating-point network whose interval
semantics is close to the direct image map of a given target function.

e We prove the floating-point version of the IUA theorem does hold, for all
target functions and a broad class of activation functions that includes most
of the activations used in practice (§3.1, §3.2, §5). This shows no fundamental
limit exists on the expressiveness of provably robust networks over floats.

e We rigorously analyze the essential differences between the previous TUA
theorem over reals and our IUA theorem over floats (§3.3). Unlike real-valued
networks, floating-point networks can perfectly capture the behavior of any
rounded target function, even with the identity activation function.

e We prove that if there exists an ideal robust floating-point classifier, then one
can always find a provably robust floating-point network that makes exactly
the same prediction as the classifier (§4.1).

e We prove that the set of straight-line floating-point programs with only (4, x)
is floating-point interval-complete: it can simulate any terminating floating-
point programs that take finite inputs and return finite/infinite outputs,
under the usual floating-point semantics and interval semantics (§4.2).

2 Preliminaries

This section introduces floating-point arithmetic (§2.1), neural networks that
compute over floating-point numbers (§2.2), and interval analysis for neural
networks (§2.3). Throughout the paper, we define N to be the set of positive
integers and let [n] .= {1,...,n} for each n € N.
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2.1 Floating Point

Floating-point numbers. Let F,M € N. The set of finite floating-point
numbers with E-bit exponent and (M + 1)-bit significand is typically defined by

Fyp = {(=1)" x (s0.51...50)2 % 2°| b, s; € {0,1}, € € {emin, - tmax} | (2)

where epmin = =271 + 2 and epax = 2871 — 1 [52]. The set of all floating-point
numbers, including non-finite ones, is then defined by Fﬁ = Fff U{—00,+00, L},
where | denotes NaN (i.e., not-a-number). For brevity, we call a floating-point
number simply a float, and write F¥, and F¥, simply as F and F. In this paper,
we assume E > 5 and 28~1 > M > 3, which hold for nearly all practical floating-
point formats, including bfloat16 [1] and all the formats defined in the IEEE-754
standard [31] such as float16, float32, and float64.

We introduce several notations and terms related to finite floats. First, we
define three key constants: the smallest positive float w := 2¢mn=M the largest
positive float §2 := 2¢max(2 — 2=M) and the machine epsilon ¢ := 2~M~1, Next,
consider a finite float € F. We call x a subnormal number if 0 < |z| < 2¢min,
and a normal number otherwise. The exponent and significand of x are defined
by e¢; = max{|logs|2|], emin} € [emin, emax] and s, = |z|/2°= € [0,2). We use
$2.05---,58g 0 to denote the binary expansion of s, i.e., (85,0.54,1-..5z,M)2 = 5z
with s;; € {0,1}. The predecessor and successor of x in F are written as
r” =max{y € F\{L} |z >y} and 2t :=min{y e F\ {L} |z < y}.

Floating-point operations. We define the rounding function rnd : R U
{—00,+0} — F as follows: rnd(x) = —oo if z € [~00,—2 — ¢, nd(x) =
argmingcp [y — x| if © € (=2 — ¢, 2 + ¢), and md(z) = +o0 if z € [2 + ¢, +-00],
where ¢ := 2*»>x¢ and argmin breaks ties by choosing a float y with s, 3 = 0.
This function corresponds to the rounding mode “round to nearest (ties to even)?”,
which is the default rounding mode in the IEEE-754 standard [31].

The floating-point arithmetic operations ®,S,® : F x F — T are defined via
the rounding function: for finite floats z,y € F, z @y = md(z +y), z Sy =
rnd(z — y), and 2®y = rnd(z x y). We omit the definition for non-finite operands
because they are unimportant in this paper, except that t 0 =2 &0 = z for
all z € {—o00, +00}. For the full definition, refer to the IEEE-754 standard [31].

We introduce two more floating-point operations: affyyp, and rnd(f). First, we
define the floating-point affine transformation: for a matrix W = (ws j)ic[m],jem] €
Fm™*" and a vector b = (b1, ...,by) € F™, affyyp : F* — F™ is defined by

aﬂwvb(asl,...,zn) = ((EIJ ®w17j> @bl, ey (EI] ®wm,j> @bm) (3)

j=1 j=1

Here, B, denotes the floating-point summation defined in the left-associative
way: i yi = (- ((y1 Dy2) Dys) -+ ) D Yy, where the order of @ is important
because @ is not associative. Next, we define the correctly rounded version of a
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| y =affw, b, (y-1) =yr—1 | yu = affwy v, (Yo-1) Yoyr— = affwy b (Yo —2)
2 = (5 0 affyy by) (v1) yit1 = (Gay 0 affyy by ) (yL)
t t
y1 = (Gay 0 affyy br)(x) yL = (G4 o affwy by )(yr—1)
= <5d(’,(x)v¢7(b,1,45+1) ----- a(bll,d;» = (&diJ(yL*l)vU(bll,d(’)-#l) zzzzz U(b;,d;))
t
yo-1 = (Gay_, oaffw,_, by ,)(VL-2) Vi1 = (Gay_, o affw, by ,)(VL-2)
y1 = (Ga, o affw, b, )(x) y1 = (Ga, 0 affw, b, )(x)
[ ES ] [ ES ] [ ES
141 12] V9 O /]

Fig. 2: Tllustrations of a network 14 without the last affine layer (left), a network
vy without the first affine layer (middle), and their composition 5 o v; (right).
Note that affyy; ur oaffw, b, = affy; p; is a floating-point affine transformation.

real-valued function. For f : R — R, the function rnd(f) : F — F is defined by

rnd(f(z)) if x € (—o0, +00)
rnd(f)(z) = { rnd (m f(t)) if @ € {00, +00} A lim f(t) € RU {—o0, +00}
1 otherwise. (4)

2.2 Neural Networks

A neural network typically refers to a composition of affine transformations and
activation functions. Formally, for L € N and o : F — F, we call a function v a
depth-L o-neural network (or a neural network) if v is defined by

. Td d R ~ ~
v:F% - F%, vi= aﬁWL7bL ©0d;_,© aﬁWL—17bL—1 0004 OaﬂW17b1 (5)

for some dy € N, W, € F¥*xde-1 and b, € F%, where &,, : F* — F” is the
coordinatewise application of o. Here, L denotes the number of layers, o the
floating-point activation function, dy and dy, the input and output dimensions, d
the number of hidden neurons in the ¢-th layer (¢ € [L — 1]), and W, and by the
parameters of the floating-point affine transformation in the ¢-th layer (¢ € [L]).
We emphasize that a neural network in this paper is a function over floating-point
values, defined in terms of floating-point activation function and arithmetic. For
instance, a depth-1 neural network is a floating-point affine transformation.

Let v be a neural network defined as Eq. (5). We say v is without the last
affine layer if d;, = dy,_1, W, is the identity matrix, and by, = 0. Similarly, we
say v is without the first affine layer if dy > dy, W7 is a rectangular diagonal
matrix whose diagonal entries are all 1, and b; ; = 0 for all i € [dy]. The two
definitions are not perfectly symmetric due to some technical details arising in
our proofs. We note that a neural network can be constructed by composing
networks without the first/last affine layer(s) and arbitrary networks (Figure 2).
For example, consider arbitrary networks vy : F?0 — F™ and vy : F™ — F™, a
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network without the first affine layer o : F** — F"2, and a network without the
first and last affine layers v3 : F*2 — F"3. It is easily verified that the function
v :Fm — ™ specified by v(x) = (v40---ovy)(x) denotes a network, whose
definition in the form of Eq. (5) can be obtained by “merging” the last layer of v
and the first layer of vs, etc.

2.3 Interval Semantics

Interval analysis [11, 50] is a technique for analyzing the behavior of numerical
programs soundly and efficiently, based on abstract interpretation [10]. It uses
intervals to overapproximate the ranges of inputs and expressions, and propagates
them through a program to overapproximate the output range. Interval analysis
has been used to establish the robustness of practical neural networks [19, 24, 33,
43]. It can overapproximate the output range of a network over perturbed inputs,
which is required to prove robustness; and it runs efficiently by performing only
simple computations, which is required to analyze large-scale networks.

Interval domain and operations. We formalize interval analysis for neural
networks as follows. We first define the interval domain

I:={(a,b)|a,beF\{L} witha<b}U{T}, (6)

on which interval analysis operates. Here, {(a,b) abstracts the floating-point
interval [a,b] N'F, and T abstracts the entire floating-point set F including
L. The concrete semantics of an abstract interval T € I and an abstract box
B=(Z,...,I4) €19 are defined through the concretization function -y, where

5 BNF if T = (a,b)
cU T = U oF 7) = [E’ ’ B) = 7).
vUE It = U 2n v (2) {F gr-1 1B HV( )

We say that an abstract box B € 1% is in a set S C R if 4(B) C S.

For any function ¢ : F? — F over floats (which is not a neural network or a
floating-point affine transformation), the interval operation ¢f : I1¢ — I extends ¢
to the interval domain as follows:

H(B) = {<min8’maxs> if ¢S

T fles’ where S := ¢(v (B)). (8)

In the special case that ¢ = © € {®, S, ®} is a floating-point arithmetic operation,
the above definition (using infix notation) is equivalent to the following:

. £ e
(a,b) &F (¢, d) = (min S, max S) 1 ¢S7 where S o 42O 00 L
! iflLes boebod
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and ©f returns T if at least one of its operands is T.5 We remark that ®f can be
efficiently computed, and so can ¢! when ¢ : F — F is piecewise-monotone with
finitely many pieces, which holds for the correctly rounded versions of widely-
used activation functions (e.g., ReLU, GELU, sigmoid). We then define the
interval affine transformation afff b o I" = I, which extends its floating-point
counterpart affyyy, Fr — F™: affW:b(Il, o Iy) = ((E'J’?:lﬁIj@i (w; 4, wi,j>)@ﬁ
(bi, bi>)?:1, where ® ¥ is the interval summation which uses @ instead of .

Intgrval siamantics. The interval semantics vt : 1% — T2 of a neural network
v :Fd — T i defined as the result of interval analysis on v:

#

dr—1

i ~ #
°© a’ﬁ.WLflvafl 0004 © aﬁwl,b17 (10)

Vo= aﬁ’%L,bL oo
where v is assumed to be defined as Eq. (5) and &% : I" — I is the coordinatewise
application of o : I — L. It is easily verified that the interval semantics is sound
with respect to the floating-point semantics:

v(1(B) € 5 (4(5) (B 1), (11)

That is, the result of interval analysis v¥(B) € I subsumes the set of all possible
outputs of the network v when the input is in the concrete box v (B) C Fdo.

3 Interval Universal Approximation Over Floats

This section presents our main result on interval universal approximation (IUA)
for floating-point neural networks. We first introduce conditions on activation
functions for our result (§3.1), and then formally describe our result under these
conditions (§3.2). We then compare our ITUA theorem over floats with existing
IUA theorems over reals, highlighting several nontrivial differences (§3.3).

3.1 Conditions on Activation Functions

Our TUA theorem is for floating-point neural networks that use activation func-
tions satisfying the following conditions (Figure 3).

Condition 1. An activation function o : F — T satisfies the following conditions:

(C1) There exist c1,co € F such that o(c1) = 0, |o(c2)| € [§ + 2¢%, 2 — 2¢],
max{|ci|,|ca|} > 2%mint and o(x) lies between o(cy) and o(c) for all x
between ¢ and ca, where € is the machine epsilon (see §2.1).

6 This definition of ®F differs slightly from the standard definition, as ®* uses “round
to nearest” mode (implicit in ®), whereas the more common mode is “round down-
ward /upward” (e.g., (a,b) & (c,d) = (a &, ¢,b Py d)) [26, Section 5]. This choice
is due to different goals to achieve: our definition overapproximates floating-point
operations (e.g., @), while the usual one overapproximates exact operations (e.g., +).
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|o(2) —a(n)|

¥ lo(y) —a(n™)|
o(z) < a(n) <2z —n|

Lo<oy -7

¢ =0 =1 n=05n"=05" n=05n"=05"

Fig. 3: Illustration of the first (left), second (middle), and third (right) conditions
in Condition 1 for the ReLU activation function: o(z) := max{x,0} for z € F.

(C2) There existsn € F with |n| € [2°mnT5 4—8¢] and |o(n)|, |o(nT)| € [26min+5,
2¢max—6 . |n|] such that for any z,y € F withx <n<nt <y,

o(x) <o(n) <on®)<oly) or o(x)>a(n) >cn®)>oy). (12)

(C3) There exists A € [0,2==T.min{|o(n)|, 2M T3}] such that for any x,y € F
with x <n<nt <y,

lo(@) —am] <Nz —nl and |o(y) —on™) <Ay—n"].  (13)

The condition (C1) states that the activation function o can output the exact
zero (i.e., o(c1)) and some value whose magnitude is approximately in [£, 3] (i.e.,
o(c2)); and its output is within o(c1) and o(cg) for all inputs between ¢; and
¢2. The condition (C2) states that there exists some threshold n such that o(z)
is either smaller or greater than o(n) or o(n'), depending on whether z is on
the left or right side of 1. This condition holds automatically for all monotone
activation functions that are non-constant on either [2¢mint> 4 — 8] NF or [—4 +
8e, —2tmint5]OF. The condition (C3) states that o does not increase or decrease too
rapidly from 7 and n*, which implies that o(z) is finite for all finite floats x € F.

While Condition 1 is mild, verifying whether practical activation functions over
floats satisfy Condition 1 can be cumbersome. Floating-point activation functions
are typically implemented in complicated ways [7, 44, 51] (e.g., by intermixing
floating-point operations with integer /bit-level operations and if-else branches),
which makes it challenging to rigorously analyze such implementations [17, 36].
To bypass this issue, we focus on the correctly rounded version o : F — F of a
real-valued activation function p : R — R (i.e., o(z) := rnd(p(z))), when verifying
Condition 1. Correctly rounded versions of elementary mathematical functions
have been actively developed in several software libraries [13, 39, 40, 58, 72].

Under the correct rounding assumption, we provide an easily verifiable suf-
ficient condition for activation functions on reals that can be used to verify
Condition 1 for their rounded versions. The proof of Lemma 1 is in §B.1.

Lemma 1. For any activation function p: R — R, the correctly rounded activa-
tion rnd(p) : F — F satisfies Condition 1 if the following conditions hold:
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(C1') There ezist ¢, ch € F such that [p(c))] < %, |p(ch)| € [§ + 262, 2 — 2¢],
max{|c}],|ch|} > 2¢mintLand p(z) lies between p(c)) and p(ch) for all x
between ¢} and ¢, where w is the smallest positive float (see §2.1).

(C2') There exists 6 € R with |0] € [2, L] such that

) forallx,yeRsatisfyingxgé—%<5+% <,

p(x) < p(6—5) <p(d+5)<ply) or p(x)>p(6—5)>p( + 5) > p(y),

o |p(2)| € [3,1] and |p(z) — p(y)| > glz —y| for all z,y € [§ — 5.6+ 5].
(C3') p is A-Lipschitz continuous for some X € [0, £ - 28max—9],

The conditions (C1')—(C3’) in Lemma 1 correspond to the conditions (C1)—
(C3) in Condition 1. The condition (C1’), corresponding to (C1), can be easily
satisfied since modern activation functions are piecewise-monotone and either
zero at zero (e.g., ReLU, GELU, softplus, tanh) or close to zero at —{2 or {2 (e.g.,
sigmoid). The condition (C2’) roughly states the existence of 6 € R satisfying the
following: (i) p(6 — &) and p(8 + ) are lower /upper bounds of p on (—oc0,§ — %)
and (6 4 1,00); and (ii) p is bounded and strictly monotone on [§ — £,8 + z].
This condition guarantees the existence of n € F in (C2). The condition (C3’),
corresponding to (C3), can also be easily satisfied since A < 3 for most practical
activation functions. We note that Lemma 1 gives sufficient but not necessary
conditions for a correctly rounded activation function to satisfy Condition 1.

The following corollary uses Lemma 1 to show that many prominent activation
functions satisfy Condition 1. Its proof is in §B.2.

Corollary 1. The correctly rounded implementations of the ReLU, LeakyReLU,
GELU, ELU, Mish, softplus, sigmoid, and tanh activations satisfy Condition 1.

3.2 Main Result
We are now ready to present our IUA theorem over floating-point arithmetic.

Theorem 1. Let 0 : F — F be an activation function satisfying Condition 1.7
Then, for any target function f : R? — R, there exists a o-neural network
v:F¢ = T such that

'y(uﬁ(l’j’)) = {minf(’y([)’)), maxf('y(B))] NF (14)

for f =rnd(f) : F¢ — F¢ and for all abstract bozes B in [—1,1]¢.%

" Condition 1 is sufficient for Theorem 1 but not necessary. E.g., Theorem 1 still holds
under 8-bit floats (both EAM3 and E5M2 formats [46]) for the ReLU activation
function; this corresponds to the case where (C1) and (C2) hold but (C3) is violated.

8 In the literature on universal approximation theorems, it is typically assumed that
the inputs are in [0, 1] or in a compact subset of R (e.g., [4, 12, 66, 69]). Since the
inputs are often normalized to [—1, 1], we focus the theoretical analysis on [—1,1]%.
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Theorem 1 states that for any activation function o : F — F satisfying
Condition 1 and any target function f : R? — R, there exists a o-network v
whose interval semantics exactly computes the upper and lower points of the
direct image map of the rounded target f : F¢ — F on [—1,1]9NF9. A special case
of our IUA Theorem 1 is the following universal approximation (UA) theorem
for floating-point neural networks:

v(x) = f(x) (x € [-1,1]2NTFY). (15)

That is, floating-point neural networks using an activation function satisfying
Condition 1 can represent any function f : [~1,1]* NF¢ — F U {—o00, 400}; or
the rounded version of any real function f : [~1,1]? — R. Moreover, Theorem 1
easily extends to any target function f : R¢ — R? with multiple outputs.

As previous IUA results assume exact operations over reals, they do not extend
to our setting of floating-point arithmetic (due to rounding errors, overflow, NaNs,
discreteness, boundedness, etc.). As a simple example of these issues, consider
the following subnetwork, which is used in the IUA proof of [4]:

wlx,y) = %(ReLU(m +y) — ReLU(—2z — y) — ReLU(z — y) — ReLU(y — m))

This subnetwork returns min{x, y} if all operations are exact. However, it does
not under floating-point arithmetic due to the rounding error: if (+, x) is replaced
by (®,®), then pu(z,y) =0 # e = min{z,y} forz =1 and y = ¢.

In addition, the network construction in [66, Theorem 4.10] requires multi-
plying a large number z that depends on the target error and the activation
function, to the output of some neuron. However, because F is bounded and
floating-point operations are subject to overflow, the number z and the result of
the multiplication are not guaranteed to be within F when using a small target
error (e.g., less than w) or when using common activations functions (e.g., ReLU,
softplus). To bypass these issues, we carefully analyze rounding errors and design
a network without infinities in the intermediate layers, when proving Theorem 1.

We present the proof outline of Theorem 1 in §5, and the full proof in §D—-§F.
We implemented the proof (i.e., our network construction) in Python and made
it available at https://github.com /yechanp /floating-point-iua-theorem.

3.3 Comparison With Existing Results Over Reals

Theorem 1, which gives an IUA theorem over floats, has notable differences from
previous IUA theorems over the reals [4, Theorem 1.1]; [66, Theorem 3.7].

One difference is the class of target functions and the desired property of
networks. Previous IUA theorems find a network that sufficiently approrimates
the direct image map of a continuous target function (i.e., § > 0 in Eq. (1)).
In contrast, our IUA theorem finds a network that ezactly computes the direct
image map of an arbitrary rounded target function (i.e., § =0 in Eq. (1)). This
difference arises from the domains of the functions being approximated: the
real-valued setting considers functions f over [~1,1]¢ (or a compact K C R?);
the floating-point setting considers functions f over [—1,1]¢ NF?.
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e Since [—1,1]? is uncountable, exactly computing the direct image map of f
requires a network to fit uncountably many input/output pairs and related
box/interval pairs. This task is difficult to achieve, and indeed, recent works [3,
5, 47| prove that it is theoretically unachievable even for simple target
functions (e.g., continuous piecewise linear functions).

e Since [~1,1]¢ N F? is finite, exactly computing the direct image map of
f requires a network to fit finitely many input/output and box/interval
pairs. Our result proves that, despite all the complexities of floating-point
computation, this task can be achieved for any rounded target function.

Another key difference is the class of activation functions. There are real-valued
activation functions p, p’ : R — R such that previous IUA theorems cannot hold
for p but our TUA theorem does hold for rnd(p) : F — F; and vice versa for p'.

e An example of p is the identity function: p(z) = . No classical IUA or UA
theorem can hold for p, since all real-valued p-networks p : R* — R are affine
over the reals (i.e., there exists A € R4 and b € R such that u(x) = Ax+b
for all x € RY). In contrast, our IUA theorem does hold for rnd(p), because
rnd(p) satisfies all the conditions in Lemma 1 (with constants ¢j =0, ¢§ = 1,
d =1/2, and A = 1). This counterintuitive result is made possible because
floating-point tnd(p)-networks v : F¢ — F can be non-affine over the reals
(i.e., there may not exist A € R1*¢ and b € R such that v(x) = Ax +b for all
x € F?). This non-affineness arises from rounding errors: some floating-point
affine transformations affyy 1, are not actually affine over the reals due to
rounding errors. An interesting implication of this result is discussed in §4.2.

e An example of p’ is any function that is non-decreasing on R, is constant on
[—92, 2], and satisfies lim,_,_ o p'(2) < limg_, 400 p'(z), where the two limits
exist in R. The real-valued TUA theorem holds for p’, because p’ satisfies
the condition in [66, Definition 2.3]. However, no floating-point ITUA or UA
theorem can hold for rnd(p’), because all rnd(p’)-networks v : F — F must
be monotone if its depth is 1, and must satisfy v(0) = v(w) otherwise. The
monotonicity holds when the depth is 1 since &, ® are monotone when an
operand is a constant; and v(0) = v(w) holds otherwise since z @ a® b €
[—92, 0] for all € {0,w} and a,b € F, and rnd(p’) is constant on [— 12, 2]NF.

4 TImplications of IUA Theorem Over Floats

This section presents two important implications of our IUA theorem, on provable
robustness and “floating-point completeness”. We first prove the existence of a
provably robust floating-point network, given an ideal robust floating-point classi-
fier (§4.1). We then prove that floating-point + and x are sufficient to simulate all
halting programs that return finite/infinite floats when given finite floats (§4.2).

4.1 Provable Robustness of Neural Networks

Consider the task of classifying floating-point inputs x € X (e.g., images of
objects) into n € N classes (e.g., categories of objects), where X = [—1,1]¢ N F¢
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denotes the space of inputs throughout this subsection. For this task, a function
f X — F" is often viewed as a classifier in the following sense: f predicts x
to be in the i-th class (i € [n]), where i := class(f(x)) and class : F* — [n] is
defined by class(y1,...,yn) = arg max;c(,) ¥ with an arbitrary tie-breaking rule.

A typical robustness property of a classifier f is that f should predict the
same class for all neighboring inputs under the /o, distance [38]. We formalize
this notion of robust classifiers in a way similar to [66, Definition A.4].

Definition 1. Let 6 > 0 and D C X. A classifier f : X — F™ is called d-robust
on D if for all xg € D, y,y’ € f(Ns(x0)) implies class(y) = class(y’), where
Ns(x0) ={x € X | ||x0 — X[|ooc <} and || - ||co denotes the £oo-norm.

Neural networks have been widely used as classifiers, but establishing the
robustness properties of practical networks as in Definition 1 is intractable due
to the enormous number of inputs to be checked (i.e., [Ns(xg)| > 1 when d > 1).
Instead, these properties have been proven often by using interval analysis, as
mentioned in §2.3. We formalize the notion of such provably robust networks
under interval analysis, in a way similar to [66, Definition A.5|.

Definition 2. Let 6 > 0 and D C X. A neural network v : FY — F" is called
-provably robust on D if for all xo € D, y,y' € y(v#(B)) implies class(y) =
class(y’), where B € 1% denotes the abstract box such that v(B) = Ns(xq).

Under these definitions, we prove that given an ideal robust classifier f, we
can always find a neural network v (i) whose robustness property is ezactly the
same as that of f and is easily provable using only interval analysis, and (ii)
whose predictions are precisely equal to those of f.

Theorem 2. Let f : X — F” be a classifier that is §-robust on D, and o : F = F
be an activation function satisfying Condition 1. Then, there exists a o-neural

network v : F¢ — F™ that is 6-provably robust on D and makes the same prediction
as f on D (i.e., class(v(x)) = class(f(x)) for allx € D).

Proof sketch. We show this (i) by applying Theorem 1 to n target functions that
are constructed from f, and (ii) by using the following observation: the network
constructed in the proof of Theorem 1 has depth not depending on a target
function (when d is fixed). The full proof is in §C.1. O

4.2 Floating-Point Interval-Completeness

To motivate our result, we recall the notion of Turing completeness. A computation
model is called Turing-complete if for every Turing machine T, there exists a
program in the model that can simulate the machine [6, 35, 49]. Extensive research
has established the Turing completeness of numerous computation models: from
untyped A-calculus [8, 64] and p-recursive functions [9, 20], to type systems (e.g.,
Haskell [67], Java [25]) and neural networks over the rationals (e.g., RNNs [59],
Transformers [54]). These results identify simpler computation models as powerful
as Turing machines, and shed light on the computational power of new models.
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We ask an analogous question for floating-point computations instead of
binary computations, where the former is captured by floating-point programs
and the latter by Turing machines. That is, which small class of floating-point
programs can simulate all (or nearly all) floating-point programs?

Formally, let F be the set of all terminating programs that take finite floats
and return finite or infinite floats, where these programs can use any floating-point
constants/operations (e.g., —0o, ®) and language constructs (e.g., if-else, while).
Then, F semantically denotes the set of all functions from F” to (FU{—o0, +o0})™
for all n,m € N, because each such function can be expressed with if-else branches
and floating-point constants. For this class of programs, we define the notion of
(interval-)simulation and floating-point (interval-)completeness as follows.

Definition 3. Let P,Q € F be programs with arity n. We say @) simulates P if
Q(x) = P(x) for allx € F™, where P(x) denotes the concrete semantics of P on X.
We say Q interval-simulates P if v(Q¥(B)) = [min P(y(B)), max P(y(B))]NF for
all abstract bozes B in F™, where Q*(B) denotes the interval semantics of Q on B.

Definition 4. We say a class of programs G C F is floating-point (interval-)com-
plete if for every P € F, there exists Q € G such that Q (interval-)simulates P.

We prove that a surprisingly small class of programs is floating-point interval-
complete (so floating-point complete). In particular, we show that only floating-
point addition, multiplication, and constants are sufficient to interval-simulate
all halting programs that output finite/infinite floats when given finite floats.

Theorem 3. Fg ¢ C F is floating-point interval-complete, where Fg ¢ denotes
the class of straight-line programs that use only ®, ®, and floating-point constants.

Proof sketch. We show this by extending the key lemma used in the proof of
Theorem 1: there exist o-networks that capture the direct image maps of indicator
functions over [—1,1]" NF" (Lemma 2). In particular, we prove that [—1, 1]* NF"
can be extended to F™ if ¢ is the identity function. The full proof is in §C.2. O

To our knowledge, this is the first non-trivial result on floating-point (inter-
val-)completeness. This result is an extension of our IUA theorem (Theorem 1) for
the identity activation function ojq, in that floating-point interval-completeness
considers the input domain F™ (not [—1,1]" NF™) and Fg ¢ includes all oi4-
networks (but no other o-networks). Theorem 3, however, cannot be extended
to the input domain (F U {—o0,4+00})" (instead of F™), since no program in
Fe,e can represent a non-constant function that maps an infinite float to a finite
float—this is because @ and ® do not return finite floats when applied to Foc.

5 Proof of IUA Theorem Over Floats

We now prove Theorem 1 by constructing a o-neural network that computes the
upper and lower points of the direct image map of a rounded target function f.
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For a,b € R, we let [a,b]p := [a,b] NF and [, 4 = {Z € I | v(Z) C [a,b]}. With
this notation, (If,)? is the set of all abstract boxes in [a, b]?.

We start with defining indicator functions for a set of floating-point values
and for an abstract box, which play a key role in our proof.

Definition 5. Let d € N. For § C F?, we define 15 : F? - ?Es ts(x) =1 1if
x € S, and 1s(x) = 0 otherwise. For a € F, we define t5q : F — F by t1354|cer);
and define t>q, t<a, t<a analogously. For C € 1¢, we define ic : F4 — F by ly(C)-

Our proof of Theorem 1 consists of two parts. We first show the existence of o-
networks that precisely compute indicator functions under the interval semantics.
We then construct a o-network stated in Theorem 1 by composing the o-networks
for indicator functions and using the properties of indicator functions.

Both parts of our proof are centered around a new property of activation
functions, which we call “([a, b]r, 1, K, Ly, Ly, )-separability” and define as follows.

Definition 6. We say that o : F — F is ([a,blr,n, K, Lg, Ly)-separable for
a,b,n, K € F and Ly, Ly, € N if the following hold:

e For every z € [a,blg, there exist depth-Ly o-networks ¢<., ¢>, : F — F with-
out the last affine layer such that ¢ﬁ<z = (Ki<,)* and d)ﬁ>2 = (Kt>,)* on Ijq,5)-

o There exists a depth-L. o-network Yoy F — F without the first and last
affine layers such that win = (Kisp)* on Tja,p)-

The first condition in Definition 6 ensures the existence of o-networks that
perfectly implement scaled indicator functions Kt<. and K¢>, under the interval
semantics, for all z € [a, b]r. Since these networks should have the same depth
L, without the last affine layer, a function v : F* — F defined, e.g., by

v(ry, ..., xy) = <§a®¢§zi(%‘)> @B (16)

denotes a depth-L, o-network for any z; € [a,b]r and «, 8 € F. The second
condition in Definition 6 guarantees that another scaled indicator function K-,
can be precisely implemented by a depth-L.; o-network -, without the first and
last affine layers. This implies, e.g., that -, o v denotes a depth-(Lg + Ly — 1)
o-network, where v denotes the network presented in Eq. (16).

Using the separability property, we can formally state the two parts of our
proof as Lemmas 2 and 3. Theorem 1 is a direct corollary of the two lemmas. We
present the proofs of Lemmas 2 and 3 in the next subsections (§5.1 and §5.2).

Lemma 2. Suppose that o : F — F satisfies Condition 1 with constants cy,n € F.
Then, o is ([—1,1]r,n, K, Ly, Ly)-separable for some Ly, Ly € N, where n and
K = 0(c2) satisfy |n| € [2mF5 4 — 8¢] and |K| € [§ + 262, 2 — 2].

Lemma 3. Suppose that o : F — T is ([a,blr,n, K, Ly, Ly)-separable for some
a,b,n, K € F and Ly, Ly, € N with |n| € [2°=F5 4—8¢] and |K| € [§+2¢%, 3 —2¢].
Then, for every d € N and function h : F* — F\ {1}, there exists a o-neural
network v : ¥ — F such that v*(B) = h*(B) for all abstract boxes B in [a,b]?.
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To prove Lemma 2, we construct a o-network for the scaled indicator function
K>, in two steps. We first construct a o-network that maps all inputs smaller
than z to some point 21, and all other inputs to another point xs # x; (Lemmas 4
and 6), where we exploit round-off errors to obtain such “contraction” (Lemma 17
in §F). We then map 2 to ¢; and x5 to ¢z, and apply o to the result so that the
final network maps all inputs smaller than z to o(c;) = 0 and all other inputs to
o(c2) = K (Lemma 5). We construct o-networks for Ki<, and K-, analogously.

To prove Lemma 3, we construct o-networks for the scaled indicator functions
of every box in ([a, b]r)¢ (Lemma 7) and every subset of ([a, bJr)? (Lemma 8), using
the indicator functions constructed in Lemma 2. We construct the final o-network
(i.e., universal interval approximator) as a floating-point linear combination of
the o-networks that represent the scaled indicator functions of the level sets of
the target function (Lemma 9).

5.1 Proof of Lemma 2

To prove Lemma 2, we assume that the activation function o : F — F satisfies
Condition 1 with some constants c¢1,co,n € F. By Condition 1, the constants n
and K = o(cg) clearly satisfy the range condition in Lemma 2. Hence, it remains
to show the ([—1, 1], n, K, Ly, Ly )-separability of o for some Ly, Ly, € N. This
requlres us to construct o-networks 1/}>n and ¢<,, ¢>, for every z € [—1, 1| such
that @[1>77 (Kisy), ¢<Z (Ki<.)¥ and ¢ﬂ = (Ku>.)* onIj_q 1) (Definition 6).

We first construct ¢, using Lemmas 4 and 5 (Figure 4). The proofs of these
lemmas, presented in §D.1 and §D.2, rely heavily on (C1)—(C3) of Condition 1.

Lemma 4. There exists a o-network p : F — F without the first affine layer such
that p# ((=2,n)) = (n,n), (0™, 2)) = (0, 0*), and pf((—2,02)) = (n.n*).

Lemma 5. Let (0,0') be either (c1,c2) or (c2,c1). Then, there exists a depth-2
o-network g g : F — F without the first aﬁ?ne layer such that 7 9,(<77 n)) = (6,0),

o (0", )) = (0,0), and 75, (1, 07)) = (min{0,0'}, max{0, 0'}).

Lemma 4 states that we can construct a o-network g without the first affine
layer, whose interval semantics maps all finite (abstract) intervals left of 7 to the
singleton interval (n,n), all finite intervals right of ™ to (n™,n™), and all the
remaining finite intervals to (n, n*). Similarly, Lemma 5 shows that there exists
a o-network 7y ¢+ without the first affine layer, whose interval semantics maps
(n,m) to (6,0), (n*,nT) to (#,60"), and (n,n™) to the interval between 6 and 6.
By composing these networks with o, we construct 9, as

Ysp =00 Tey ¢, O [ (17)

This function v, is a o-network without the first and last affine layers since
Ter,eo are p are without the first affine layer. Moreover, ¢>n (Kusy)?t on Iy q
by the aforementioned properties of 7., ., and p, and by the next properties of o
from (C1) of Condition 1: o(c;) =0, o(c2) = K, and o(x) lies between them for
all z between c¢; and cy. Lastly, we choose Ly, as the depth of 9.

We next construct ¢<, and ¢>, using Lemma 6 (Figure 4). The proof of this
lemma is provided in §D.3.
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Fig. 4: Tllustration of networks s, 7¢, c,, 1 (Lemmas 4-6) and ¢s.,, ¢<. (Egs. (17)
and (18)), assuming (b) in Lemma 6. A box/dot denotes an abstract interval.

Lemma 6. Let z € F with |z| < 1%. Then, there exists a depth-1 o-network
. F— F such that one of the following holds.

(a) y(pi((=1,2))) C [=92,n] and v(pi((z*,1))) C [nT, £2].
(b) v(H((=1,2))) C [T, 2] and y(pt((z*,1))) C [-92,7].

Lemma 6 ensures the existence of a depth-1 o-network p,, whose interval se-
mantics maps (—1, z) and (2T, 1) to an interval left of  and an interval right of 5.
By composing p, with the previous networks 79 ¢- and p, we construct ¢<, as

. . (18)
00 Teyeo ©p0py if (b) holds in Lemma 6.

{o O Tepep ©phO py if (a) holds in Lemma 6
¢<z =

By a similar argument used above, the function ¢< is a o-network without the
last affine layer, and it satisfies the desired equation: ¢<Z (Ki<,)! on I_14)-
We construct ¢, analogously, but using p,- instead of u,. Since the depths of
¢<. and ¢>. are identical for all z, we denote this depth by Lg. This completes
the construction of ¥, ¢<., and ¢>., finishing the proof of Lemma 2.

5.2 Proof of Lemma 3

To prove Lemma 3, we assume that the activation function o is ([a, b]r, 7, K, Ly,
Ly)-separable for some 7, K € F with || € [2¢=»2 4 — 8] and |K| € [5 + 22,
g — 2¢]. Given this, we construct a o-network whose interval semantics exactly
computes that of the target function h : F? — F\ {1} for all abstract boxes in
[a, b]d. In our construction, we progressively implement the following functions
using o-networks: (i) scaled indicator functions of arbitrary boxes, (ii) scaled
indicator functions of arbitrary sets, and (iii) the target function.

We first construct a o-network g, for any abstract box B in [a,b]?, that
implements the scaled indicator function Ktz under the interval semantics.
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Lemma 7. For any B € (H[a,b])d, there exists a depth-L o-network vg : F¢ — F
without the last affine layer such that 1753 = (Ku5)t on (]I[mb])d, where L =
L¢ + (Lw — 1)([log2M d] + 1).

In the proof of Lemma 7, we design 7 using the networks ¥, ¢<., and ¢>.
constructed in §5.1. Specifically, for an abstract box B = ({a1,b1), - -, (ad,ba)),
we define a o-network 7; : F — F as

7i(2) = Vo ((0 ® 920, (2)) @ (0 @ 0, (2)) & B), (19)

where «, 8 € F are constants such that <7, (¢ @ K)® <7, and (a® K) ®
(e ® K) @ 8 > n. Then, we can show that ﬂf = (Kb(ai,bi))ﬁ on I, 5. When d is
small (e.g., d < 2MF1) we construct 7g using 7; and 9, as follows:

g, ..., T4 ¢>n<<§:a ® (24 ) @5'>7 (20)

where o/, 3/ € F are suitably chosen so that DB = (Kug)* on (Ijq4)%. When d is
large (e.g., d > 2M*1), this construction does not work since ®;_, o/ ® 7;(x;) may
not be computed as we want due to rounding errors (e.g., ® ;1 =21 <
for all n > 2M+1) In such a case, we construct 75 hierarchically using more
layers, but based on a similar idea. A rigorous proof of Lemma 7, including the
proof that appropriate a, a’, 3, 3" € F exist, is presented in §E.1.

Using 73, we next construct a o-network s, for any set S in ([a, b]r)?, whose
interval semantics computes that of the scaled indicator function Kus.

Lemma 8. Suppose that for any B € (]I[mb])d, there exists a depth L o-network
Ui without the last affine layer such that 17ji (Kug)* on (H[a 5)®. Then, for any
S C ([a,b]p)?, there exists a depth (L+ Lw — 1) o-network vs : F* — F without
the last affine layer such that U VS = (Kus)* on (Ijgp)".

In the proof of Lemma 8, we construct s using g and v, as follows:

Us(x) ¢>n<<§:a”®1/zs )@77), (21)
BeT

where 7 denotes the collection of all abstract boxes in S, and o € F is a constant
such that n < (B0 ® K) &n < oo for all n > 1. We remark that it is possible
to make the summation not overflow even for a large n, by cleverly exploiting
the rounding errors from @. With a proper choice of o, we can further show
that 75 = (Kus)* on (Ij44))?% A formal proof of Lemma 8 is given in §E.2.

Using s, we finally construct a o-network that coincides, under the interval
semantics, with the target function h over ([a,b]g)¢. This result (Lemma 9) and
the above results (Lemmas 7 and 8) directly imply Lemma 3.

Lemma 9. Assume that for any S C ([a, blr)?, there exists a depth L’ o-network
Us without the last affine layer such that ug = (KLs) n (Tja,5))%. Then, for any h :
F? — F\ {1}, there exists a o-network v : F¢ — T such that vi=n* on (Ig )%
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We now illustrate the main idea of the proof of Lemma 9. For a simpler
argument, we assume that h is non-negative; the proof for the general case is
similar (see §E.3). Let 0 = 29 < 21 < -+ < 2z, = 400 be all non-negative floats
(except 1) in increasing order, and let S; == {x € ([a,b]r)? | h(x) > z;} be the
level set of h for z;. Under this setup, we construct v using Us,, as follows:

v(x) = E a; ® s, (%), (22)

where m € NU{0} and a; € F are chosen so that z,, = max{h(x) | x € ([a, b]r)?}
and a; ® K = z; — z;—1 for all i € [m]. If a;; ® K is close enough to z; — z;_1,
then the floating-point summation @:f:lozi ® K is exactly equal to the exact
summation Zlezi — zi—1 = zx for all k € [m], by the rounding errors of @.
Using this observation, we can show that v(x) = h(x) for all x € ([a, b]r)?, and
more importantly, v# = h* on (H[a,b])d. The full proof of Lemma 9 is in §E.3.

6 Related Work

Universal approximation. Universal approximation theorems for neural net-
works are widely studied in the literature, which include results for feedforward
networks [12, 27, 28, 55], convolutional networks [71], residual networks [41], and
transformers [70]. With the advent of low-precision computing for neural networks
(e.g., 8-bit EBM2, 8-bit E4M3 [46, 65]; float16 [45]; bfloat16 [1]), there has been
growing interest among researchers in characterizing their expressiveness power
in this setting. New UA theorems for “quantized” neural networks, which use
finite-precision network parameters with ezact real arithmetic, have been studied
in [15, 21]. These networks differ from the floating-point networks considered in
this work, because our networks use inezact floating-point arithmetic.

To the best of current knowledge, [30, 53] are the only works that study
UA theorems for floating-point neural networks. [53] proves UA theorems for
ReLU and step activation functions. Our IUA Theorem 1, by virtue of Eq. (15),
is a strict generalization of [53] in two senses: (i) it applies to a much broader
class of activations that satisfy Condition 1, which subsumes ReLU and step
functions; and (ii) it provides a result for abstract interpretation via interval
analysis, of which the pointwise approximation considered in [53] is a special case.
Concurrent with this article, [30] generalizes [53] to support a wider range of
activation functions and larger input domains. Our Theorem 1 partially subsumes
[30] in that it is a result for interval approximation, whereas [30] considers
only pointwise approximation. Conversely, a special case of our Theorem 1 for
pointwise approximation (i.e., Eq. (15)) is subsumed by [30] in that it applies to
smaller classes of activation functions and input domains.

Interval universal approximation. The first work to establish an IUA theorem
for neural networks used interval analysis with the ReLU activation [4], which
was later extended to the more general class of so-called “squashable” activation
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functions [66]. Whereas these previous IUA theorems assume the neural network
can compute over arbitrary real numbers with infinitely precise real arithmetic,
the TUA result (Theorem 1) in this work applies to “machine-implementable”
neural networks that use floating-point numbers and operations. To the best
our knowledge, no previous work has established an IUA theorem for floating-
point neural networks. These different computational models lead to substantial
differences in both the proof methods (cf. §3.2 and §5) and the specific technical
results—=§3.3 gives a detailed discussion of how Theorem 1 differs from previous
IUA and robustness results [4, Theorem 1.1]; [66, Theorem 3.7].

Provable robustness. There is an extensive literature on robustness verification
and robust training for neural networks, which is surveyed in, e.g., [4, Chapter 1];
[38, 60]. Notable methods among these works are [61, 62], which verify the
robustness of a neural network using abstract interpretation with the zonotope
and polyhedra domains for a restricted class of activations, and are sound with
respect to floating-point arithmetic. Compared to these methods, our contribution
is a theoretical result on the inherent expressiveness of provably robust floating-
point networks under the interval domain for a broad class of activation functions,
rather than new verification algorithms or abstract domains. Indeed, our existence
result directly applies to the zonotope and polyhedra domains, as they are more
precise than the interval domain. More specific IUA theorems tailored to these
domains may yield more compact constructions that witness the existence of a
provably robust floating-point neural network. Recently, [32] shows that even if
a neural network is provably robust over real arithmetic, it can be non-robust
over floating-point arithmetic and remain vulnerable to adversarial attacks. This
highlights the importance of establishing robustness in the floating-point setting.
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A Preliminaries for the Appendix

A.1 Notation

We introduce additional conventions and notations that are used throughout
the appendix. First, we interpret any number in the form of b = by.bibs ...
(b; € {0,1}) as a binary expansion, unless otherwise specified:

b=bo+by x27  Fbyx272 ...

Second, we interpret floating-point addition and summation operators (¢ and
D) in the left-associative way, even when they are mixed together. For instance,

z@Ezi =0 (z®z1)Ba2) ) DX

That is, we first expand out all the floating-point addition operations and then
perform each operation from left to right. Lastly, in the interval semantics, we
abuse notation so that ¢ € F denotes the abstract interval (¢, c) € I. For instance,

<a7 b> @ﬁ c= <CL, b> @ﬁ <Ca C>'

A.2 Relaxed Version of Condition 1
In the appendix, we use a relaxed version of Condition 1 to simplify the proof.
Condition 2. An activation function o : F — F satisfies the following conditions:
(C1%) There exist ¢1,co € F such that o(cy) =0,
o(c2) ER = [-342e,—5 —2°) g U [§ +26°, 5 — 2¢]p
= (1427 M) x27 M2 14272 — 27 M]

_2 -M —M+1 —M -2
U[-1+272-27"),—-(1+2 ) x 2 I

and o(x) lies between o(c1) and o(ca) for all x between ¢; and cs.
(C2%) There exists n € F with n € (—(2%)7,(2%)7 ) such that
L4 5+emin Sen < 1;
® emin +5 <max{e,(), to(nt)} < € + tmax — 5, and
o forallz,ycF withx <n<nt <y,

o(@)<o(m) <o) <oly) or  o(x) () >an") =a(y).

(C3T) There exists A € [0, 20max—6 . gmin{maxteac eoiy BM¥2N g on that for any
rz,yEFwithe <n<nt <y,

o(@) —om| <Nz —nl  and  o(y) —am™) <Ay —n"].

Lemma 10. If o satisfies Condition 1, then o satisfies Condition 2.
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Proof. We prove each of (C17)—(C37) as follows.

(C17) Because ¢ = 2=M~1 we have the desired result.
(C2%) Because

|J(77)|7 |U(77+)| < Qemax—6 |77| < 2¢max—5+2777

we have the desired result.
(C31) Because

9emax—7 |0_(77)| < 2emax—7+(ea(n>+1) < 9¢max—6+¢s(y) < 22xnax*6+max{e{,(n)720<n+)}7

emax—"7 M+3 _ 9emax—6 M+2
2fma X 2 =2 X 2 ,

we have the desired result.
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B Proofs of the Results in §3.1

B.1 Proof of Lemma 1

Proof of (C1’) = (C1). Suppose p satisfies (C1’). Since M > 3, we have
£ +2¢?, 2 — 2¢ € F. Hence md(p(c})) € [§ + 262,52 — 2¢]. In addition, since
—% < p(ch) < ¢, we have rnd(p(c})) = 0. Since rnd(-) is order-preserving,
rnd(p(z)) lies between rnd(p(c})) and rnd(p(cy)) for all = between ¢) and .
Therefore rnd(p) satisfies (C1) of Condition 1 with ¢; = ¢} and ¢z = .

Proof of (C2') = (C2). First suppose

p(z) < p(6—3) <p(0+3§) < py),

for all z,y € R satisfying # < 6 — § <+ § < y. Since |p(z

for all z,y € [6 — é, o+ %], p is monotonically increasing on [§ —

rnd(p) is also monotonically increasing on [§ — §,0 + 1] NF.

8
We define n € F as
n:=min{t € (0 — 1,6+ 3) NF : rnd(p(t)) < rnd(p(t"))}.
Since the minimum of the distance between the floating-point numbers in [272, 1]
or [~1,-272] is 27M~2 and

1_ 275 > 9~ M-2

p(0+g) —p0—g) > ¢ x

there exist v1,72 € [§ — ,6 + £] NF such that rnd(p(71)) # rnd(p(v2)). Hence
n is well-defined. Note that since n € (6 — £,0 + 3) we have || € (5,1) C
[2¢mint5 4 — 8¢]. Also note that since 1,1 € F, [rnd(p(n))|, [rnd(p(n™))| € [3, 1]
leading to

[end(p(m)|, [rnd(p(n )| € [, 1] € [27°,27] € [20mn 2, 20w
C [2en1in+57 2€max—6 A 77]-
Let z,y € F, with 2 <n <nT < y. Since p(z) < p(d + %) < p(n), we have
md(p(x)) < md(p(5 — 1)) < rad(p(a).

Ifnt<y<d+ %7 since rnd(p) is monotonically increasing on [§ — %, 0+ %] NF,
we have

rnd(p(n™)) < md(p(y)).
If y > 6+ &, since p(y) > p(6 + %) = p(n™) we have
rnd(p(n™)) < rnd(p(é — 5)) < md(p(y)).

Symmetrically, if
p(x) > p(d—3) < p6+5) > py),
we have

rd(p(x)) > rnd(p(n)) > rnd(p(n™)) > md(p(y)),
forx <n<nt <y.
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Proof of (C2') and (C3') = (C3). Let A\; = max{\,2®=n*1} Since p is
A-Lipschitz, we have
(@) = p(B)] < Ao = B < Mila = BI.

for a, B € R.

Let z,y € F where x < n <nt <.

First, suppose rnd(p(x)) is normal. Let C = max{|z|, |n|}. Since |rnd(¢) —¢| <
[t| x 2M for normal ¢ € F, we have

[rnd(p(z)) — rnd(p(n))| < [mmd(p(z)) — p(z)| + |p(x) — p(n)| + |p(n) — 0d(p(n))]
< M(lz| + nl) x 277 4+ Mz — 1|
<200 x 27M L X\ |z — | < B5Mz — 1),

where we use
lz —n| > C x 27 M1,

Now, suppose rnd(p(x)) is subnormal. Since |rnd(t) — ¢| < § x w for subnormal
t € F, we have

tnd(p(2)) — md(p(n)] < 3 % w+ Asln] x 274 + M|z — 9]
<200 x 27M 4 |z — | < 5\|z — 1),
where we use
2mintl <Ny O > =272 tw< O x27M
Therefore, we have
lrnd(p(2)) — md(p()| < 5hifz —n| < Mo — ],
where
A =51 € (0,257 = [0, 27 - min{|o(n)|, 2V T3}].
Similarly, we can show

tnd(p(n ")) — rd(p(y))| < Alnt —yl.

B.2 Proof of Corollary 1

If p satisfies the conditions of Lemma 1, p satisfies Condition 1. Since ReLU,
LeakyReLLU, GELU, ELU, Mish, softplus, sigmoid, and tanh are increasing on
[1,1], we have

p(x) < p(6—5) < p(6+5) < py),

for some ¢ € [2, I].

To check p satisfy the conditions of Lemma 1, we need to check the following
requirements.
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pley)l < 5.
lplez)] € [5 +2¢%, 3 — 2¢]
max{|cy], |co|} > 26mintl = 2727 43 > 9-13
o |p(x)| € [} 1] forz € [6 — 5,0 + g
. infigzgl I ()] > 3.
e A< Lt
If M >3 and F > 5, according to Table 2, we have

—2 < —32768, [0.0391,1.125] C [£ + 27, 3 — 2¢],
£ <763x107°% 1.2 > 1238
Hence, the above requirements are satisfied by Table 1 under the condition M > 3,

E > 5 as well as for various floating-point formats presented in Table 2.
To verify |p(—2)| < 4 for sigmoid and softplus, it is sufficient to show

log (p(~22"7")) < (—2571 = M + 1) log2,

since p is monotonically increasing on z < 0 and

p(—2) = p(—(2—27M) x 2277 ) < p(—227 ) <272 M — g
Note that
|sigmoid(x)| = \1 +1e_$| <e’, x<0,
[softplus(z)| = |log(1l +€%)| < e*, x < —1,
and

(251 4 M —1)log2 < (2% —1)log2 < 25+ < 227"

which is due to n < 2771 — 1 for 3 < n € N (Note that E > 5, M < 2E-1),
Therefore we have

log (p(—22E_1)) <-22"" < (=281 — M +1)log2, (23)

for p = sigmoid or p = softplus.

Finally, since ReLLU, LeakyReLU, GELU, ELU, Mish and tanh are increas-
ing on [0, 1], softplus and sigmoid are increasing on [—oo, 1], and p(-) is order-
preserving, p(z) lies between p(c]) and p(cj) for all = between ¢} and ). |
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Table 1: Properties of various activation functions for verifying the conditions. D
denotes [6 — &, + §] and Lip(p) denotes the Lipschitz constant of p. For sigmoid
and softplus, we show [p(c})| < % in Eq. (23). The numbers in the table are
represented in decimal form and rounded to two decimal places.

etion” G o] e p() 8 inf [p@)] swplp(e) | inf_ 10w Li(e)
ReLU 0 0 1 1 05 0.37 0.63 1 1

LeakyReLU 0 0 1 1 05 0.37 0.63 1 1
GELU 0 0 1 084 0.6 0.32 0.57 0.70 1.13
ELU 0 0 1 1 05 0.37 0.63 1 1
Mish 0 0 1 087 05 0.26 0.49 0.75 1.09
softplus  — Eq. (23) 1 131 04  0.84 0.99 0.56 1
sigmoid —f2 Eqg. (23) 1 0.73 0.5 0.59 0.66 0.20 0.25
tanh 0 0 1 076 0.5 0.35 0.56 0.42 1

Table 2: Properties of floating-point format for verifying the conditions. The
numbers in the table are represented in decimal form and rounded to two decimal
places.

Format name E M -N [% + 22, % — 2¢] s % . Qfmax—9

9-bit format 5 3 <—2% [0.039,1.125] 7.63 x 107° 12.8
bfloat16 8 7 <—2"7 [1.93x107%1.24] 9.18 x 10™*" 6.65 x 10**
float16 5 10 <-—2% [254x107* 1.25] 5.96x107° 12.8

float32 8 23 <27 [2.98x107%,1.25] 1.40 x 107* 6.65 x 10**
float64 11 52 < —2'923 [555 x 10717, 1.25] 5.00 x 10732* 3.51 x 103
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C Proofs of the Results in §4

C.1 Proof of Theorem 2
First, consider any g : FY — F" such that for every xo € X and x € Ns(xo),
g(x)=1(0,...,0,1,0,...,0). (24)
——
class(f(x0)) — 1

Then, g makes the same prediction as f on X by Eq. (24), and g is §-robust on
X since f does so. For each i € [n], let g; : F¢ — F be the i-th component of g:

gi(x) = g(x);. Then, by Theorem 1, there exist o-neural networks vy,...,v, :
F¢ — T such that for every i € [n] and Beldin [-1,1]¢,
(v} (B)) = [ming;((B)), max g (v(B)] N F. (25)
Next, define v : F¢ — F” by a o-neural network that stacks up vi,...,v,
such that for every B € 14,
V(B) = (Vi (B),..., vi(B)). (26)
We can construct such v because vy, ..., v, have the same depth by the proof of

Theorem 1. Then, v makes the same prediction as g, and thus as f, by Eqgs. (25)
and (26). Moreover, we claim that v is §-provably robust on X. To prove this, let
X0 € X and B € I with v(B) = N3(x¢). Then,

1(VH(B)) = H [ min g;(v(B)), max g; (v(B))] N F (27)

=1
= {0} x --- x {0} x {1} x {0} x --- x {0}, (28)
where the first equality is by Eqgs. (25) and (26) and the second equality is
by Eq. (24). Since v(v#(B)) is a singleton set, y,y’ € v(v#(B)) clearly implies
class(y) = class(y’), as desired. |
C.2 Proof of Theorem 3

Theorem 3 is a direct corollary of Lemma 3 and the following lemma. ]

Lemma 11. Let 0 : F — F be the identity function, i.e., o(x) = x for all x € F.
Then, o is (F,1,1, Ly, Ly)-separable for some Ly, Ly, € N.

Proof. We define fj as
folx) =0 (27" ®o(z0w)).
Then we have

FE1(0,00) = (0,00, fi({w,w)) = (w,w),
fo(—2w,0)) = (0,0),  f3((2w,4w)) = (2w, 2w).
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Case 1:  >w with x =n-w fornEN.‘
Define Z; as

Ty = [2,2M%2 1), (29)
Ty, = [2M Tk gMA2+k 41 L e N. (30)
If n € Zy, we have
fol@)=c (2@ ((n+2w) < (& +2)w.
Since the solution of the recurrence relation a;,1 = %ai +% isa; = (ap— 3)(%)1 +3,

pick m; € N such that

my =

we have
am = (a0~ 3)(1)™ +3< @M —a)(H)™ +3<143=4,

which leads to f°(™1)(z) < 4w and f°"+2)(z) = w for 2w < x < 2M+2,
If n € 7y, we have

fo(x) =0 (27" ®0(w)) = Lw.

Hence fo(z) = now for ng € Zj_;.

o(emax—C€min—1)

Therefore we have f; () = nsw for ng € Zp which leads to
fg(ema"femi“erlH)(x) =wforw <z <.

‘Case 2: x <0 with 2 = —nw forneN.‘
If n € Zy, we have

folz) =0 (271 R o ((—n)w)) > (-

Yw.

I3
N|—

Since the solution of the recurrence relation b; 41 = $b; + % is b; = (ag—1)(5)" +1,
pick mo € N such that

M+42 _
my > Fog(Z 2)} 7
log(2) 7

we have
am=(ag—1)(H)™ +1< @2 —2) ()™ +1<2,

which leads to f°0"2)(z) > —2w and o™+ (z) =0 for 2M*2 < 2 < 0.
If n € Iy, we have

folx) =0 (27" @0 (—w)) = —2Lw.
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Therefore we have fg(em"”‘_e’“‘"_l)(x) = —nyw for ngy € Zy which leads

to fg(e‘“""_em‘“erQH)(x) = w for —2 < 2 < 0. We define gy as fo(z) =
foo(emax_emix)“!‘max{ml7m2}+1)7 and we have

g ((=92,0)) = (0,0),  gh({w, 2) = (w,w), g5((—2,2)) = (0,w).

For z € F. we define g, as

go (0(z © 2)) i |2 < 2emax—M-1,
gz(l') = O . . o
go (02 @z O Z) if |z] > 20max ’

and we have

g£(<7972>) - <070>; g£(<z+, Q>) = <w7w>a 98(<*~Qa Q>) = <Oaw>'

Finally we define ¢~ , as

>x(2) =0 (27 @0 (277 @ g.(2))),
15.(@) = 0 (27 @0 (27 @ g. (@),
tez(@) =0 (27 @0 (27 ® g_a (1)),
t<:(z) =0 (27" @0 (2_M ® g(—z)-(—x)))
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D Proofs of the Results in §5.1

In Lemma 2, we suppose o satisfies Condition 1. By Lemma 10, we suppose o
satisfies Condition 2, the relaxed version of Condition 1.

D.1 Proof of Lemma 4
Since o also satisfies Condition 2, it is sufficient to prove the following lemma

(Lemma 12). To prove Lemma 12, we need following preliminary technical lemmas:
Lemmas 15-17 (presented in §F.2) and Lemma 14 (presented in §F.1). |

Lemma 12. Suppose that o : F — F satisfies Condition 2. Then, there exists a
o-network f without the first and last affine layer such that

FrU=2m) =(om),om), f(n",2)=em®),o@").  (31)
Proof. Let eg € Z such that 2¢0 < |o(nT) — o(n)| < 2°¢T1. Then note that
max{e,(y), eont)} — M —1 < eg < max{es (), oty + 1.
Define eg, e¢ € Z, )\ as

¢g = max (emin — M, emin — €0 — M + 1),

o ep—M—1 ifnp>00rn<0,n# —2%,
T ey —M—2 ifyp<0,p=—2,

= )\ x 2t0t2,

To use Lemma 17, we need to check the assumptions of Lemma 17: ¢y < —3
and eg < e, — M — 3 — ¢g. Since max{eg(n), eg(n+)} > emin + D, we have

—egtemin—M+1< — max{eg(n), ea(nﬂ} + emin + 2 < —3.

Therefore we have ¢g < —3. To show ey < ¢, — M — 3 — ¢4, first suppose ey > 1.
Then we have ¢g = enin — M, which leads to

eg < max{ea(n),eg(nﬂ} +1< €; — €min — 3= ey — M — 3 —eyp.
Next suppose e¢g < 0. Then we have ¢y = ey — €90 — M + 1 which leads to

en—M—-3—¢g=¢)— M —3— (emin —e0— M +1)
2 (emin+5)_emin+60_4>60~

We can use Lemma 17 and consider the following cases.
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‘Case 1: o(n) < 0(77*).‘
By Lemma 17, there exists an affine transformation ¢ such that

gﬁ (<_‘Qv “Q>) - <_‘Qv Q>a gﬁ(I) = <77,77>, gﬁ(I-i_) = <77+»77+>7 (32)

where
T = (o) — 27, a(n), I+ = (o), () + 2.

In addition, if z — o(n) > 2%,
g(@) =t < (z—o (n7)) x 2772, (33)
and if z < o(n) —2%¢7¢0,
n—g(x) < (0 (n) —a) x 2072, (34)
Since eg > max{eq(p), eo(n+)} — M — 1, we have
¢g < max (emin — M, epnin — max {eg(n), eo(n+)} + 2) ,
which leads to
X = A x 20072 < ) x gemintd | gmax{=M =2~ max{eo o)}

< 2—1 . 2min{max{e6(n),eo<7]+)},M+2} . 2max{7M72,7 max{eg(n),ca(n+)}}

<1/2.

Define g; as

Then, if x > o (n™), by Eq. (33),

gi(x) —g1 (0 (n")) =0 (g9(x)) —o (n*) < Aglx) —n™T)
<Az —0o(n")) x 2002 < 5\(37 —o(n™)).

Similarly, if x < o(n), by Eq. (34),
g1 (a(m) = g1(x) < A(o(n) — ).

Therefore, we define n; € Z>¢ such that

oo s )| e (2257) )

Note that since o(n) — o(n™) 4+ 2<% > —2¢ 4 2¢¢=% > (), n is well-defined.
We define hy(x) as hq(z) == g;"*(x). Then we have

hi(z) = hy (o(n*)) <A (2 —o(nh)) <oln) —a(n*) + 2% if o(n) <z <0
hi(o(n) —hi(z) A" (o(n) — @) <257 if —Q<z<o(n),
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leading to
ha ()

1 () +2¢< if ont) <z <0,
hi

<o
() > o(n)—2%"% if —0<z<oa(n).

Finally, we define f,(z) as f1(z) i= g1 0 hy o o(z) = g™ 0 o(x). Together
with Eq. (32), we have

=200 = (@m),em), fi(n", Q) = {en),on™)).

‘Case 2: o(n) > o(n™). ‘
By Lemma 17, there exists an affine transformation g such that

g (=2,2)) c(-2,02), ¢"T)=Mmn), ¢T")=u"n"). (35)

where
0= -2 T" = (o(n) —2% % o (77*)), T :={o(n),o(n) +25"°),
In addition,
n—g@) < (e —om)x 20" for o(y) +2< " <zeF,  (36)
g(@) =" < (o (1) — ) x 2972 for o) =2 >reF,  (37)

Define g, as
92() = o(g()).
Then, if o (n) < x € F, by Eq. (36) we have

92 (0() = g2(2) < Mz —a(n) < X(z—a(nh)).
If o(n™) > x €T, by Eq. (37) we have
92(x) = g2 (0 (n%)) < Ao (n") — ) < Mo (n) - ).
We define h as h := g 0 g2(x). Then we have
Wy (To) = (o(n*),o(n™), 5 (TS) = (o(n),0(n)),
where
Iy = (o(n) = A2 (2%7%) ,a(n™)), I3 = (o(n),0(n) + A2 (2<7%)).

Hence Therefore, we define ny € Z>( such that

e (252 o (0] )

and define f, as fo(z) == g2 0 h3" 0 o (z) = g5 o (x). Together with
Eq. (35), we have

FU=2.m) = @m),om), f5 (0", 2) = (o), emm),
and this completes the proof. O
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D.2 Proof of Lemma 5

Since o also satisfies Condition 2, we have |o(e,)|| € [(1 + 27 M+ x 27M=21 4
272 -27M] Jeading to the fact o(n) is normal. In addition, we have max{eg, eg: } >
¢min + 1 since max{|6], [¢'|} > <.

By the lemma below (Lemma 13), we have the desired result. To prove
Lemma 13, we need following preliminary technical lemmas: Lemmas 18-21
(presented in §F.3) and Lemma 14 (presented in §F.1). |

Lemma 13. Suppose that o : F — F satisfies Condition 2. Let v1,7v2, K1, k2 € F
with k1| < |ke| with ex, > emin + 1. Suppose there exist co € F such that
K = 0(c2) is normal. Then, there exist n € N, wy, a;,2;,b € F such that

(w1 ®@a(m)) @ E (i ®0(2i)) B b= k1,

n
(w1 ®0(12) &P, (0 ® 0(2)) B b = ks
i=1
Proof. By Lemma 14, either sﬂ( € (271 1)p or 5}( € [271,1)F exists such that
T 1 _1_9-M-1_
S5, ®s5g=1"=1-2 0. 1...1 ,
M+1 times
5'1‘( ®sg = 1.
Let define & € F such that
KD K1 = Ko.

Since e,, > 1 4 emin, we have ez > emin. Let o(§) = max{|o(y1)], |o(72)|}-
By Lemma 18, there exists w; € F such that

w1 @ (0(12) ©0(m)) +e1=F, ew, < ez — e,
for some €¢; = 0 or £27M+¢* Then by Lemma 19,
wy ® o) = w1 ® (0(12) © o(1)) + (w1 ® a(11)) + (C x 27 M1,
where
C] < fun] (2+ 27" D|o(n™) + o) + lo(r2)] +[o(1)])
< (6+27")wnllo(7)] <7 x 2%
Hence we have
w1 @0 (y2) = w1 @ (0(72) © (7)) + (w1 @ (7)) + €2,
for some |ey| < 7 x 27 M+¢x Therefore we have
wy ®o(y2) =&+ (w1 @a(n)) +e3,

where |e3| < 8 x27M*F_ Since M > 3, the exponents of w1 ® (1) and w; @ (7y2)
are at most ez + 2.
We consider the following cases.
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Case 1: 5“ exists.
Let { = w1 ® o(y1). For i =0,..., M, we define «;, z;, b as
0 ifsc1 =0
(ai7 Zl) = ( 70.2) I . 1 Gl s b=ki.
(—sign({) X s5 x 27T o) ifseq =1

Then since § 1 (e @ 0(2:)) = ¢, we have

M
(w1 ®o(m) &Y (i ®o(z)) =0.
=0
Since the exponents of wi ® o(y1) and wy @ o(y2) are at most ez + 2, we have
M
(w0 @ 0(72) © B (s @ r(20)) = (wn @ r(32)) + € +ea, Jea] < 2572,
=0

M
(W1 ®0(12)) DB (i @0(z) @b=F +e5, |es] <12x 27 M,
=0

By Lemma 20, there exist d1,...,d3¢ € F such that

36
® 5 =0,
1;61

Fteol 6 =r,

=1

where §; = £2%. Hence, let (a;yar, zitar) = (sign(d;) x 5% X 2% ¢y). Then,

M M+37
(wy ®U(71))€B§:(ai®a(zi)) ® E (a; @ (%)) ®b= K,
i=0 i=M+1
M M+37 M+37
(w1 ® o(y2)) @E a; ®0(z;)) E @b = (R +e€) E 0; Ky
i=0 i=M+1 i=M+1

=K ® K1 = Kso.

Case 2: 5}( exists.

Let (o = w1 ® o(v1). We recursively define (;, v, 2; as
(i, 2) = (sh x 27751 ¢y), Gii=CG100. 1...1 x2%i-1 b=,
M+1 times
Then we have

@i ®o(z)=0. 1...1 x2%-1,
M+1 times
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Let ng = min{n € N:e;, < —4 —2M + ez}.
Note that ®.12, (; ® 0(2;)) = ( £ 2°~M. Then we have

| (wy ® o(71)) @ g: (i ®0(z))] < (2 —27M) x 274 2M+tex
i=1

Since the exponents of wi ® o(y1) and wy ® o(y2) are at most ez + 2, we have

(01 ®0(72)) @D (@i @ 0(2)) = (w1 ®7(72)) +( +e6, e < 2% 2°%F2,
i=1

(W1 ®0(12)) &P (i ®0(2) ©b=F+er, || <16 x 27T,
=1

By Lemma 21, there exist d1,...,Jd48 € F such that

no 48

[(w ®o(1) @D (i @a(z) | &P & =0,
i=1 i=1
48

R—&-e?@@:&':f@,

i=1

where §; = £2%. Hence let (o, zirar) = (sign(d;) x 5}( X 2% ¢g). Then,

no no+49
(W ®c(n) @Y (iDo(x)e P, (®o(z) &b=r,
=1 i=no+1
no no+49 no+49
(W1 ®0(12)®Y (@a(z)e P, @b=(F+e)d P §dmn
=1 i=no—+1 1=no+1

:R@Hliﬂg.

D.3 Proof of Lemma 6

To prove Lemma 6, we need the following preliminary technical lemma: Lemma 23
(presented in §F.4) and Lemma 14 (presented in §F.1)

Define 1. (-) as p.(2) = (w ® x) © b. Since 1 € [—4 + 8¢,4 — 8¢, [n| > £ we
have e,—, e;, e+ < 1.

We represent 1,z as 7 = 6, X 2, z = 5, X 2% with 1 + epin < ey < 1.

Let ¢, = max{emin — ¢,,0} > 0. Note that e, + ¢, > emin. By Lemma 14, at

least one of s or st exists. We consider the following cases.
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‘Case 1: 77>0z20.‘
In this case, (1) in Lemma 6 holds if

pe(=1) > =10,

,uz(z) =1,
w > 0,

pa(z") =",

pz(1) <.

Note that zF = (s, +27M+¢:) x 2. Let
w=2"Fw"% 0 h= (5, —5, x 27%) x 2%,

Since 1+ emin < ¢ < 1, we have epin + ¢; < 1 — emin = emax Which leads to
w,b € F. Then we have
pa(2) = (W®2) b=1s, x 277 B b
=md(s; x 277 + (s — 5. X 27%) x 2%) =1,
(2T = (W@ 2H) @ b= (5, x 277 + 2" M+en) gy
=rnd(n+ 27 M) =yt

In addition, we have

fa(—1) = —w B b > —2%mw > (),
(1) = w b < 25 < Q.

Case 2: 1 <0, z<0.‘
In this case, (1) in Lemma 6 holds if

pe(=1) = =120,
MZ(Z) =1,
w > 0,
MZ(Z+) - 77+7
p=(1) <0
Note that we have z = —s, X 2°# and n = —s,, x 2.
Case 2-1: n # —2%.
In this case, we have n™ = —(s,, — 27M) x 2.

Case 2-1-1: —21Ftmin < 2 <0, or z < —21Femin | 5 £ ¢z,
In this case, we have 2+ = —(s5, — 27M+¢=) x 2% Let

w=2"%Tn"% h= (-5, 485, x 27%) x 2%,
Then we have

Hz(Z) = (w@z) Db=—5, x27 = qh
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=1rnd(—s, x 2°77% + (=5, +5, x 27%) x 2°7) =9,
pe(z") = (we ") &b
= (=8, x 297 4 27 MFn) @ p = nd(—n + 27 M) = T,
fa(—1) = —w @ b > —2%mex > _ 0,
pa(1) = w @ b < 27 < 0,

Case 2-1-2: z < —21Femin 5 = _9¢:,

In this case, we have 1+ ey, <e. <1,c, =0and 2+ = —(2—27M) x 271 F¢=,
By Lemma 23, we have (1+2"M)®2 = —(14+2"M)x27¢% and (1+2 " M)®(z*) =
—2%. Let

w=(14+27M)x 27 b= (-5, +5, +27M) x 2%,
Then we have

p(2)=(w@z)®b=—1+2"M)x 2 @b
= rnd(—(14+27M) x 2 4 (=5, + 1+ 27M) x 2) =y,
p(zH) = (w@ ) @b =2 @ b=rnd(—n+ 2" M) =yt
pa(—1) = —w@b> -2 > —,
pz(l) =w @b < 2%mex < ().

‘Case 2-2: 9 = —2%,
In this case, we have n* = —(2 — 27M) x 27 1+en,

Case 2-2-1: —21Femin < 2 <0, or z < —21Ffmin | 5 £ ¢z,
In this case, we have 2+ = — (5, — 27M%¢) x 2% and (—1+s, x 2717%) is
exact. Let

w=27" 7T = (145, x 2717%) x 2%,
Then we have

pe(2) = (W@z2) b= —s, x 27T g p
=rnd(—s, x 2717 L (145, x 2717%) x 2%) = ¢,
pe(25) = (W@ 2T) @b = (—se x 27T 27N )
=rnd(—n + 2_1_M+2") =nT,
pa(—1) = —w @b > —2max > — (),
pa(1) =wd b < 20mex < (),

Case 2-2-2: z < —2!*emin 5 = _9¢=,
In this case, we have ¢, = 0 and 27 = —(2 — 27M) x 271¥¢ et

w =27 e = (1 4270 x 2%,
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Then we have

p(z2) = (w®z)db=—-2""%@b=rnd(—-2"% + (-14+27%) x 21) =,
’uz(er) (w ® Z+) ®b= (_23n7Cz 4 2717M+en) ob= rnd(—n + 2717M+en) — 77+7
(1) = —wdb > =2 > —(,
pe(1) =w @b < 2max < (2.

‘Case 3:n>0, Z<O.‘
In this case, (2) in Lemma 6 holds if

pe(—1) < £,
— nt
w0, Mz(zl nr,
p=(2%) =mn,
ps(1) > -0
In this case, let v := —(nT). Using Case 2, there exist w,, b, € F with w, > 0
such that
(w, ®2) ©b, =v = _(77+)a
(w,@z") @b, =v" = —n.
Let w = —w,,b = —b,. Then we have

pa(2) = (w@z)®b=n",
p=(2") = (wezh) eb=1,
pa(—1) = —wdb=w, & (=b,) < 2= < (2,
pz(l) =w @ b= (—w,) ® (=b,) > =2 > —(.

Case 4: 1 < 0, 220.‘
Let v := —(n™). Using Case 1, there exist w,,b, with w,u > 0 such that

(wy @ 2) ®b, =v=—(n"),
(w,@zT) @b, =v" = —n.

Let w = —w,,b = —b,. Then we have
pa(2) = (wez)®b=n",
2T (wezM)eb=n,

)=

p=(27) =

px(—1) = —wdb=w, ®(=b,) <2°m> <
p(1) =w®b=(—w,) ®(=b,) > =2 > -0



Floating-Point Networks Are Provably Robust Universal Approximators 45

E Proofs of the Results in §5.2

Throughout this section, we use R = {z € F : [z] € [§ + 2¢%, 5 — 2]} and
K = 0(c), i.e., K € R by Condition 1.

We present preliminary technical lemmas for the proofs in this section: Lem-
mas 24-26 (presented in §F.5).

E.1 Proof of Lemma 7

We prove Lemma 7 using the mathematical induction on [logya d]. Consider
the base case where [logyn d] = 1, i.e., d € [2M]. Let B = ({a1,b1), ..., (aa,ba)
and pg pn @ F* — F be a network without the first affine layer such that for
X1,...,Tn €{0,K},

prc a1, xq) >0 if 2, = K for all i € [d],
Li (T, ...,zq) <1 otherwise.

We note that such pif,, always exists for all n € [2M] by Lemma 26. We
then construct vz as follows:

vB(X) = >y (MK,md(ﬁl(l’l), e ﬁd(:z:d))>,
where
vi(xi) = Ysy (MKm,z (¢zai (1), b<b: (xi))) for all i € [d].

Then, one can observe that g has depth Ly + 2Ly, — 2 and does not have the
last affine layer.

Let C = ({(s1,t1),...,(s4,ta)) be an abstract box in [a,b]¢, and let B = v (B)
and C = 7 (C). We now show that f/g(C) = (K15)¥(C) by considering the following
three cases: (1) BNC =0, (2) BNC# 0 and C ¢ B, and (3) C C B.

‘Case 1: Bﬂé:@.‘
~ In this case, there exists i* € [d] such that [s;, t;«]Jr N [a;+, bi«|r = 0; otherwise,
BNC # (). This implies that

7. (s, 1)) = (0,0).
Since fy(gf((t:i, d;)) C [0, K] by the definition of 9, we have
e ma (PGt 1), PA((50,8a)) ) = (w,0),

for some u,v € F such that u < v < 7. Hence,

f’é(c) = Y5y ((u,v)) = (0,0).
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‘Case 2: BNC# 1 and@¢l§.‘
Since BNC # 0, [a;, bi]r N [si, ti]r # O for all i € [d]. This implies that for
each i € [d],

P ((si,t4)) = (wi, 1), (38)

for some w; € {0,1}. Furthermore, since B ¢ C, there exists i* € [n] such that
[$i%, tix]p € [@ix, bix]F, 1.e., wix = 0. Combining Eq. (38) and w;« = 0 implies that

Hg{,n,2 (ﬁ§(<81,t1>, B ﬂ§(<5d7td>)) = <u7v>7

for some u < n < v. Hence, ﬂ%(C) = sy ((u,0)) = (0, K).

Case 3: C C B.‘
Since C C B, [s;, ti|r C [as, bi]p for all i € [n]. This implies that

7! ((si, 1)) = (L, 1),

for all ¢ € [n]. Thus, it holds that ﬁuB(C) = (K, K). By considering all three
cases, one can conclude that when [logyn d| = 1, then a depth-(Ly + 2L, — 2)

o-network 7% = (Ku5)* on [a, b]2.
Now, suppose that [logon d] =n > 1. Let k € 2™ — 1] and r € [2(»=DM
1] U {0} such that d = k2*=DM 4y and let
Bj = (<a(j71)2(n,—1)1¥1+1, b(j,l)Q(n—l)I\/l+1>, ey <aj2(n—1)1%,bj2(n—1)]%>) for all j S [k‘],
Bk+1 = (<ak2(n—1)M+1, bkz(n—l)ﬂl+1>, ey <ak2(n—1)M+T, ka(n—l)A/I+T>).

Then, by the inductive hypothesis, there exist depth-(Ly + nLg — n) o-networks
UBy,...,vp, and a depth-(Ly + ([loggnm 7] + 1)Ly — ([logom 7] + 1)) o-network
B, such that Dlngj = (Kus,)" on [a,b]¢ for all j € [k + 1]. Let Dg,,, be the
composition of 7z, ,, and (n — 1 — [logya 7]) times composition of ¥, o pug 1,
ie., Up,,, is a depth-(Ly 4+ nLy — n) o-network satisfying ﬁ%kﬂ = (Kup,,,)*
Here, we note that g, ,...,05,,08,,...,7s,,, have the same depth and they do
not have the last affine layers. Under this observation, we construct g as

At # i S b
Up =Py (”K,n,kJrl (VBl’ e VBk’yBkJrl))'

Then, 17?3 = (K5)* and g has depth Ly + (n+ 1)Ly —n — 1. This proves the
inductive step and completes the proof. |

E.2 Proof of Lemma 8

Let T be the collection of all abstract boxes in S. We construct Us(x) as

Us(x) = hsn(9(x), 9(x) = (E w® ﬂs(X)) @,



Floating-Point Networks Are Provably Robust Universal Approximators 47

where w € F is chosen so that w @ K € (257~ M=1 (1 4 271) x 200~ M), je.,
(w® K) ®@n > n'. Such w always exists since K € R and by Lemma 24.
Furthermore, from our choice of w, we note that n < g(x) < 2¢+! for all x € T,
i.e., overflow does not occur in the evaluation of g under 2E=1 > M > 3. Here,
note that 7s(x) has depth L + Ly — 1.

We now show that ’Zﬁs = (Kus)* on [a,b]g. Let C = ({s1,t1), ..., (sq4,ta)) be
an abstract box in [a, b]¢, and let C = v (C) and B = ~ (B) for all B € T. Here, if
CNS =0, then BNC =0 for all B € 7. This implies that

(€)= (n.m) and 75(B) = (0,0),
by the definition of 75 (see Lemma 7). In addition, if éQS # 0 and C ¢ S, then
C ¢ B for all B € T and there exists B* € T such that B* NC # (). This implies
that og(C) = (0, up) for some ug € {0,K} for all B € T and ug- = K. This
implies that for some v > nt, we have

g*(€) = (n,v) and (C) = (0,K).

Lastly, suppose that C C S. Since C is a box in &, this implies C € T and
75(C) = (K, K). Thus, for some 5+ < u < v, we have

¢*(C) = (u,v) and PL(C) = (K, K).

This completes the proof. |

E.3 Proof of Lemma 9
Let D = [a,b]¢ and define
hi(x) = max{0,h(x)} and h_(x)max{0,—h(x)},

ie., hf = hﬂ O hf . Let ko, k_ € NU{0} be the numbers such that maxyep h (x)
is the (k4 + 1)-th smallest non-negative number in F and maxyep h—(x) is the

(k— + 1)-th smallest non-negative number in F. Let 0 = 2z < 21 < -+ <
2(jF|—1)/2 = 2 < Z(|F|+1)/2 = o be all non-negative numbers in F U {oo}; here,
we have z,, = maxyep hy(x) and z;_ = maxyep h—(x).

Let S;; ={x€D:h;(x)>z}forTe{—,+} forall i € [(|F] +1)/2] U {0}
and define f: D — F as

ky

k_
V(X) = E (wi Y DSJr,i (X)) S3) E ((_wi) ® DS*,L' (X))7

i=1

where w; € F is chosen so that w; ® K € (2¢=~M~1 (1 4+ 271) x 2% =M)p. Such
w; exists for all ¢ by K € R and Lemma 24. Here, we note that v has depth L.
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Let B be a box in D and choose ir, max; i7,min SUch that z; = maxyec () hr(x)
and z;,_ .. = minke () hr(x) for 7 € {—,+}. Then, one can observe that for
Te€{—,+}and i€ [(|F] +1)/2] U {0},

<K7 K> if 4 S Z"r,min
Dg,7(8) = <OaK> lf imin < 1 S ir,max .
(0,0)  if iy max <
By the definition of w; and Lemma 25, this implies that

oy
# -
E (wl ®ﬁ V"jS‘JrYi (B)) = <Zi+.min’ Zi+,max>'

i=1

Here, if 2;, .. > 0, then by the definition h_ and S;;, we have 0s_,(B) = (0,0)
for all 4. This implies that

ki

V(B) = B (ws @ 5, (B)) = (241 ums Zi0ms) = HH(B).

i=1

If Zig min — O, then
(—w;) ®* ﬂsﬂ_:i(g) = (~u;,0),

for some u; € (2% ~M=1 (14 271) x 2¢%~M)p. Hence, by Lemma 25 and the
definition of &%, we have v#(B) = (—2;_ ..., 2, ) = RH(B). |
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F Technical Lemmas

F.1 Common Technical Lemma

We present the technical lemma used in multiple proofs.

Lemma 14. Suppose M > 3,E > 2. For any = € [1,2)p, at least one of the
followings holds:

e There exists y € (271, 1]p such that x @ y = 1. In this case, we denote y as
ey,

o There exists y € 271, 1)r such that v @ y; = 1~ =1 —271"M_ [ this case,
we denote y as x¥ == y;.

Proof. If x =1, then 2/l = 1, zf =1 —-2-1-M,
Now suppose 1 < z < 2. Note that x = 1. mg 1...m4 pr x29. Let n, = x2M e N.

—_———
M times

Note that 2 < n, < 2M+1 By dividing 2% by n,, we have the following
22M —pony +1r (0<7 < ny). (39)
Note that since 2M~1 < n, < 2™ n, x 2'=M has the form of 1.m;...mas x27!
—_———

M times
whose significand has < M + 1 binary digits. We consider the following cases.

e Case (1) 0<r<272tM,
In this case, zll = n, x 2=M exists since

1-22M <o (ny x27M) = (ny xmy) x272M =1 —px272M < 1,

e Case (2) 27 2M <p <, —271H+M,
In this case, note that n, — 271*M < 2=1+M 3 5 9=24M Thep of =
Ny X 2~M exists since

135272 < (ny x 27M) = (g xmy) x 27 =1 —x 272V <1

e Case (3) ng — 27 1M < <.
In this case, z!l = (n, + 1) x 2=M exists since

L<ax ((nu+1)x27 M) =1+ (ng —r) x 272 < 1427170,

Now, we show 2/l > 271 If n, < 2'*M _ 4 we have n, > 27 '*M 4 1. If
ng > 217M _ 3 we have n, = 27 M r > 271+M which does not belong to
Case (1). Therefore we have zl > 21, This completes the proof. O

9—2—M,
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F.2 Technical Lemmas for Lemma 4
This subsection presents technical lemmas for the proof of Lemma 4 (§D.1).

Lemma 15. Suppose n € (—2'temin 2l¥emin)p For any normal x € (=1 —
271 1427 )g, there exist y1,y2 € F such that (y1 @ ) ® (y2 @ ) = 1.

Proof. Without loss of generality, we assume 1, z > 0. Since € (—21+emin 21+ emin)p
we write ) as n = n, x 27 MFemin for 1 <n, <21*M p € N. First define y, as

o~ 1-Mtemin—cs if g <1 5, =1,
Yy = 9—M+emin—¢ta if z<1,8, > 1,
9~ M-+emin if 1<z<l42

Ifn, =1, let y1 = y..

rnd (27 M+ emin) = 2= M+emin if z<1,8, =1,
Then we have y; @z = { tnd(s, x 271" M+ emin) = 2=Memin if 2 < 1,5, > 1,
rnd(s, x 2~ Mtemin) = 9-Mbemn  if 1<gp <1420,

If n,, > 1, we have 2 <n, < 21+M _ 1. Since z is normal, we can write z as
z=ng x 27 M+ for some 2M < n, < 21*M n e N.
By dividing 2 x ny by ng, we have

M xmy=mxng+r (0<r<mny),

for some 1 < m < 21+M _ 1,
Let

(m,0) if r<2M-lorr=2M-1pn =0 (mod 2)
(g1, y2) = < (M, y4) if 2M-1 <p<3x2M-lorre (2M-1 3 x 21} n, =1 (mod 2)
(m+1,0) if r>3x2M-lorr=3x2M-1 n, =0 (mod 2)

and y; = n,, x 27 MFemin=¢z ¢ T We consider the following cases.

‘Case 1:r <2M-lorr=2""1p, =0 (mod 2).

In this case, we have

y1 @z = rnd((ny, x ng, x 27M) x 27 M¥eminy = ynd((n, —r x 27M) x 27 Mtemin) = 5,

‘Case 2: 271 < p <3 x2M~torr e 2M71 3 x 2M~1} ', =1 (mod 2).

In this case, we have

(11 @) ® (y2 ® x) =rnd((n, —r X 27 MY x g7 MAemin) gy 9= Mt emin

— (n’ﬂ _ 1) X 2—M+emin D 2—M+emin =1.
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Case 3: r >3 x2M"torr=3x2M"1 n, =0 (mod 2).

In this case, since 3 x M=l <y, < 2M+1, we have 0 < n, —r < 2M-1,
Therefore,

(y1 ® ) = md((n, + (ny —r) X 2_M) X 2_M+°“‘“‘) =n.
O

Lemma 16. Let K € [(1+2 M) x 27M=2/1 4272 _2=M]p. Consider ¢c € Z
such that emin +1 < e¢ < emax — M — 1. Forn € N, i € [n], and 0 < o; € T,
define f:F — T as

f(x)::x@g(ai@)f().

Then, there exists n and a;s such that one of the following statements holds:

FE((—1.1 % 2%¢,0)) € (—(2%)7,(25)7), f* ((w, 1.1 x 2%¢)) C (2%, (1.1x2%FH) ™),
(40)

FE(=1.0 % 2%,0)) C (=(2%)7,2%), f* ({w, 1.1 x 2%¢)) C ((2%)F, (1.1x2%Fh) 7).
(41)

If e¢ < emin, for each statement of Eq. (40) or Eq. (41), there exist n and oys

such that satisfy each equation, respectively.

Additionally, if 2°¢ < x € F, then we have

flz) <z @ (2)". (42)
Proof. Since f is a sum of increasing functions, we only need to consider the

endpoints of (—1.1 x 2%, 0) and (w, 1.1 x 2%¢), namely = = 0, —1.1 x 2% 1.1 x 2%,
and w. In other words, we suffice to show

f(—ll X 2%) > —9¢
F(0) < 2¢¢
flw) > 2% (43)
F(11 x 25¢) < 1.1 x 2%+,
or
f(*l.l X 2%) > 9%
f(0) < 2%
flw) > 2¢¢ (44)
(11 x2%¢) < 1.1 x 2¢¢H1

Let K be represented as

I(:5K><22K7 —M—QSQKSO.
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By Lemma 14, at least one of sl. € (271, 1]p or s, € [271, 1)g exists such that

slo@sg=1"=1-2"M"1—90. 1.1 ,
M+41 times

5|I‘{®5K =1

We consider the following cases.

Case 1: 5}( exists.

In this case, we will show Eq. (43). First, define m; € N> as

) [—1+eg—emin
m = |—————

Nso.
M +2 Le =0

Then m is the unique non-negative natural number satisfying
ee—(M+2)(mi+1) <epin —M—1<e— (M+2)mq,
or equivalently,
emin — M < ee — (M +2)m1 < emin + 1, (45)

where the first inequality is due to emin — M — 1 < e¢c — (M +2)m; and e¢ —
(M +2)ymy € Z.
For i € [m4], we define §; as

Bi = (2 =27 M) x 2eem(MADNIm—)—1 — 1 1yt~ (M+D(mi—i),

M+1 times

As

eminéeﬂi:ec_(M+2>(m1_1)_1:eC_(M+2)m1+M+1
<ee—(M+2)(mi —i)—1<e —1<emax —M—2,
we have f3; € F. Define o} for i € [m4] as

al = 5}( x 98¢~ (M+2)(m1—i)—ex

Since sl € [1,1),, we have s,/ = 25} and ¢a; = ¢¢— (M +2) (my — i) —1. Since

0< —ex <M+ 2, we have
Cmin < ea; :tg—(M—f—Q)(ml —’L.)—QK—]. < Cmax-
Therefore, we have o} € F, and

o ® K = f. (46)
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Consider 2¢¢—(M+2)m1 _;, By Eq. (45), 2¢¢~(M+2)m1 s subnormal and

2t~ (MAm = 1. 1...1 x2tc~(MHDmi—1 ¢ .

N
ee—(M+2)my—1—epin+M times

Since 20~ (M+2)m1 _ ;¢ (—ltemin 91+¢min)p by Lemma 15, there exist 31, B2 €
F such that _ _
gec—(M+2)m1 _ , _ (51 ® K) o (52 ® K) . (47)

We define fi(z) as

2@ (/oK) ® (oK if my =0

fi(z) = ~ ~ .
z@ (/LOK)® (K)o, oK if mp>1

By Eq. (46) we have

t®(FioK)® (fo K if my =0
fl(x): P a mi .
@ (fLeK)o (K)o B if m >1

Next, we present the following claim.

Claim 1-1: For any k € [m4], we have
k
(Frok)e(hek)od g= b
i=1

We show the claim using the induction on k.
Base step (k= 1):
By Eq. (47), we have

(El ®K> & (52 ®K) D p = (22(7(M+2)m1 —w) ®0. 1...1 x2tc—(M+2)(mi-1)
M+1 times
=rnd(0. 1...1 0 1...1 x 26 ~(M+2)(m1—1))
M+1 times e —(M+2)m1—1—emin+M times
=0. 1...1 x20MEDm=) — g,
M+1 times

Induction step:
Assume that the induction hypothesis is satisfied for k. Then we have

k+1

_ _ ee—(M+2)(mi—k—1)
Eﬁi*ﬁk@ﬁ]pﬂ—rnd(o. 1.1 0 1...1 x2% ! )
i=1 M+1 times M+41 times

=0. 1...1 x2ec(MF9(ma=k=1) _ g3,

M+1 times
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Therefore, we prove the claim for any k € [m4].

Thus, we have

(B1®K)®(§2®K):22<—w<2*< it my =0,
FO)=198,, =0, 1...1 x2% <2 if my>1.  (48)

M+1 times

Now, we present the following claim.

Claim 1-2: For any k € [m1], we have

w® (51 ® K) o (Ez ® K) o éﬂi > ¢~ (MAD(mi—k), (49)

i=1

We show the claim using the induction on k.
Base step (k= 1):
As B ® K < 2¢win Tl the summation w @ (K ® 1) is exact. Thus,

wo <31®K) @ (@@K) - (w+K®B1) @ (K@@) —mdw+ K ® B + K @ Ba)g
= rnd(w + (K /DK BQ>)1F = 28— (MA2)ma
Therefore, we have

5 3. — ec—(M+2)(m1—1)

we (fioK)e (hek)ss =mdo. L .1 x2 )
M—+2 times
— 9¢c—(M+2)(m1—-1)

Induction step:
Assume that the induction hypothesis is satisfied for k and consider the case of
k + 1. By the induction hypothesis,

k41
wo (hok)e(hek)ol g > Mmbgg,
i=1

— rnd(O. 1...1 X2e<7(M+2)(m17k71)) — 28(7(M+2)(m17k71)'
——

M+2 times

Thus, the induction hypothesis holds for any k € [m;], which proves the claim.
If K = m in Eq. (49), we have

wd (BLOK)® (B0 K) =2% > 2% if my =0,
fl (w) - Py Py mi e . (50)
wd ([LOK)D (B K)a® i B >2% if m>1.

For z = 1.1 x 2°¢, we consider three cases with respect to e¢: ¢¢ > emin + 2,
e¢c = emin + 1, and e < epin.
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If e¢ > emin + 2, we have my > 1. Since 51 ®K7§2 K, B; < 2% x2=M-1 for
i € [my — 1], we have
£ (11 x 25) = 1.1 x 2 & (51 ®K> ® (52 ®K) W i = 11X 2 @ i,
i=1

=11x2%@0. 1...1 x2% <1.01x 2%t < 1.1 x 2%, (51)
M+1 times

If e¢ = emin +1, we have m; = 0, which leads to (51 ® K) @ (EQ ® K) =2% —w
by Eq. (47). Therefore we have,

F(11x2%) =11 x 2% @ (Bl ®K) ® ('5} ®K)
< rd(1.1 x 2% 4 (51 ® K) + ([-}2 ® K) +2u)

<rnd(1.01 x 2°¢F! 4 20) . < 1.1 x 2%, (52)

If e < emin, we also have m; = 0 and (51 ® K) &) (52 ® K) = 2% — w. Since

the summation is exact, we have
fi (11 x 2%¢) < 1.01 x 2% < 1.1 x 2%t (53)

For x = —1.1 x 2%, we consider three cases with respect to e, that is,
e¢ > emin +2, ¢¢ = emin + 1, and e¢ < epin.

If e¢ > emin + 2, we have m; > 1. Hence

my
Fr(—11 % 25) > —1.1 x 2% & (51 ®K> ® (52 ®K) o 5 (54)
i=1
>7 t( - E( 2(:7 8(71.
>—-11x2%® 6, 1.1 x2%®0. 1...1 x2 2
M+1 times
If e¢ = emin + 1, we have my = 0. Therefore,
fi(-11x2) > —11x2% 6 (e K)o (heK) (55)

> mnd(—1.1 x 2% + (51 ® K) + (BQ ® K) - ) > 2%,
If e¢ < emin, we also have m; = 0. Since the summation is exact, we have
fi (=11 x 2%¢) = =271 ¢y > 9%~ (56)
By Egs. (48) and (50)—(56), we show Eq. (43). Therefore we conclude that

FE(=1.1 % 2%¢,0)) € (—(25)7,(2°)7), f* ((w, 1.1 x 2%¢)) € (2°¢, (1.1x 2% 1) 7))
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To show Eq. (42), we can apply by similar argument to x = 1.1 x 2%. If
e¢ > emin + 2, we have

filx) =2 B, <z@2% <za (2.
If e¢ < emin + 1, we have
filz) <mnd(z @ B +2w) < 2@ (2%9)7.

Case 2: 59( exists.

In this case, we show Eq. (44). Define my € N> as

—emin + M + e¢
= N>1.
e T L

Then my is the unique non-negative natural number satisfying
ee — (M +1)ma < emin +1<e— (M+1)(mg —1),

or equivalently,

emin — M < ec — (M 4+ 1)mg < emin + 1. (57)

For i € [mg], define 5, as
B; = 2t~ (MA1)(ma—i)

Then, as
emint1 < ec—(M+1)(m—1) <eg, =ec—(M+1) (m—1) < e¢ < emax—M—1,

we have ; € F. For i € [n], define «; as

3

s sl x 2sem (MEDmam—erif 9=l < gl <
o, = 2e<—(M+1)(m2—i)—eK—1 if 59{ =1

As 0 < —ex < M + 2, we have
Cmin Sea; ZQC—(M—FI) (mQ_i)_eK_ISemax-

Hence we have o € F.

Consider 2¢¢~(M+hm2 GQince ¢ i — M < ec — (M +1)ma < emin, we have
26— (M+1)mz ¢ | and 26— (MH+1)m2 ¢ (_9l+emin 2l+emin)p By Lemma 15, there
exist 51, 52 € FF such that

gee-(Milmz — (El ® K) ® (52 ® K) .
Define fo(x) as

fa(x) :Zw@(B}@K)@(Bz@K)@g:a;@K
i=1

=ze(hek)es(hek) @ﬁm
=1

We present the following claim.
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Claim 2-1: For any k € [mg], we have
k
(§1®K) ® (Ez@K) DY Bi = B
i=1

We show the claim using the induction on k.
Base step (k= 1):

(51 ® K) o (52 ® K) @B = gec—(M+1)ma gy gec—(M+1)(ma—1)

— 22¢7(M+1)(m271) — /81'

Induction step:
Assume that the induction hypothesis is satisfied for k. Then we have
k+1

(Aiek)e(Rek)o® bi=5o b
=1

=rmd(L. 0...0 1 x 2¢¢~MAD(ma—k=1)y _ gec—(M+1)(ma—h=1) _ g

M times

Therefore the induction hypothesis is satisfied for any £ < m, and we prove the
claim. Thus,

f2(0) = B, = 2% (58)
Now we will show that for fa(w) > 2%. We present the following claim.

Claim 2-2: For any k € [mg], we have
N N k
wo(hek)o(heok)o® 6> 6.
i=1

We show the claim using the induction on k.
Base step (k=1):
Since w @ (§1 ® K) is exact, we have
wd (B1®K) @ (52@[() = (W+K®51) < <K®E2>
=rmd(w + K ® 51 +K® EQ)F — 9ec—(M+1)mz o)~ gec—(M+1)m;
Thus,
w® (51 ® K) o (52 ® K) @ P> (2°<*<M“)m? + w) @ 28~ (ML) (m2—1)

_ (224—(JW+1)(m2—1))+ — B
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Induction step: Assume that the induction hypothesis is satisfied for k
and consider the case of k + 1.
k+1

w@([;l ®K)@(§2®K)€B§:ﬁi25;j@5k+1
i=1

— 1 0...0 1 X 254—(M+1)(m—k) @204—(M+1)(m—k—1)
——
M —1 times
=md(1.0...01 0...0 1x 2%~ (MFDm=k=1))
S~ ~—~—
M times M —1 times
= (1+27M) x 20D Im=k=1) — g

Thus, the induction hypothesis is satisfied for any k € [ms] and we prove the
claim. Therefore, we have

hw =wo (BeoK)o(hekK) @é:ﬁi >85> B =2 (59)
i=1

Now, we show Eq. (44) for z = 1.1 x 2% and z = —1.1 x 2%. We consider
two cases with respect to e¢c: e¢ < emin and e¢c > emin + 1. If ¢ < emin, since the
summation exact, we have the desired results.

If e¢ > emin + 1 and o = 1.1 x 2%, since f§; < 2% X 2=M=1 for i € [my — 2], we
have

f2(11x2%) = (1.1 x 2%) @ B,_1 B B, = 1.1 x 2% @ 2~ M1 g 2%
= (1.1 x 2°) T @ 2% < 1.1 x 2%¢FL, (60)

If e¢ > emin +1 and z = —1.1 x 2%, we have
mo
fo (=11 x 26¢) > —1.1 x 2 @Eﬁi > 11X 2% @, = —2%"1 > 2%, (61)
i=1
Due to Egs. (58)—(61), we show Eq. (44). Therefore we conclude that
FE(=11 x 256,0)) © (=(2%)7,2%), f# ({w, 1.1 x 2%)) © ((2°)F, (L.1x2%H) "),

To show Eq. (42), we consider two cases: 2°¢ < x < 2%*1 and x > 2%+,
If 2°%¢ <z < 2% we have

fo(2) =2 @ Brng—1 ® By <2t @2 =2 @ (2)T.
If > 2%*t! we have
f2(2) = 2@ B, <z @2 <T@ (27

Hence we show Eq. (42).
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Finally, note that in both cases, if ¢, < emm, then, m1 = 0 and mo = 0, which

implies that we do not need the existence of s x and 5” in the definition of f;(x)
and fo(x). Therefore, if e¢ < emin, for both statements Eq. (40) and Eq. (41),
there exists n and «; such that satisfying the statements.

This completes the proof. O

Lemma 17. Suppose that o : F — F satisfies Condition 2. Assume that there
exists an integer eq € Z such that 2°° < |o (n*) — o (n)| < 2°°*! and define ¢y as

¢g = max (emin — M, —eq + emin — M + 1) .

Suppose that eg < =3, eg < ¢y — M — 3 — ¢q.
If o(n) < o(nt), define 6,Z,7" as

= 29,7 = (o() — 2, (), and I* = (ol ), oln) + 257),
and if o(n) > o(nt), define 0,Z,7% as

0:=-2T" = (o(n) = 2,0 (n")), and I = (o(n),o(n) +277*),

where
o ep—M—1 ifn>00rn<0,n# 2%,
CT e, —M -2 ifn<0,n=—2%.

Then, there exists k € N and aq,...,a,21,...,2r € F such that for

k
fl@) =) e E(ai ® o (z)) B,

the followings hold:
FU=02,02) C(=2,92), fHT) =), [HTT) =) (62)
In addition, if o(n) < o(n™)

<(z—o(nt)) x2%* for o(n)+2%" <zeF, (63)
n— <>s<<> ) x 2972 for o(n) =27 >z €F,  (64)

and if o(n) > o(n™), we have

(@—o(n)x2°  for o(n)+2< % <zeF, (65)
(0 (n") =) x 22 for o(n) -2 >zcF, (66)

n—f(x)
fla)—n*
Proof. First, Z* is not empty because |o(n*) — o(n)| < 2601 < 20a=M=2=¢6 <

2%¢~¢_Since f is monotone, we only need to consider the endpoints of Z and Z+.
Note that 2°¢, 2+ € F (since ¢, > 5 + ¢min) and the following hold:

<
<

20t =t —p, (L1 x 2% @n=n'. (67)
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Now, represent 1 as
N =5, X2 =1s5,1...5,m X 2.

Then we have if 5, 3y = 0, we have

N2 =0, B (=2%) =1, n@ (2)T =4", ne (— (2“)+) =n, (68)

and if s, »s = 1, we have

n&(2¢) =n, n® (_ (2%)_) =0, nO2¢ =0T, @ (=2)=n". (69)

By Lemma 16, there exists n € N, i € [n], @; € F such that for g : F = F
defined as

n

@) =20 P (@ ® K,),

i=1
one of the following statements holds:
gF ((—1.1 x 2%,0)) C (—(2°¢)7,(2%)7), ¢* ({w, 1.1 x 25¢)) C (2°¢, (1.1x 2% 1)),
(70)
or
gF ((—1.1 % 2°,0)) C (=(2%)7,2%), g% ({w, 1.1 x 2%)) C ((2)*, (L.1x2%H) 7).
(71)
with
glz) <z ®(2%)" if 2 <zel. (72)
Furthermore, if ¢¢ < emin, there exist g; and gs such that they satisfy Eq. (70)
and Eq. (71), respectively. Hence we pick g as g = g2 if 5, ;s = 0 and g = g if
Sn,M = 1.

If e¢ > emin, by Lemma 24, there exists 8 € F such that the following
inequality holds:

1 5
3 X 2 M B K, < e 28— M,
Therefore we have

2 <2 @ (BRK,) < (2%, —((2°)F) < 20 (BeK,) < 2% (73)

Define 3 € F as

0 if (7 S €min-
I} if e¢ > emin + 1,5y, = 0 and Eq. (70) holds,
B:={0 if ¢¢ > emin + 1,5, = 1 and Eq. (70) holds, (74)
0 if e¢ > emin + 1,8, = 0 and Eq. (71) holds,
—B ife¢ > emin + 1,5, = 1 and Eq. (71) holds.
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Define f(z) : F — F as

n

f(z) = (0®x)@(—9®a(n))@§(ai®Ka)@(B@Kg)@n

Now we analyze the abstract interval arithmetic of f. First, consider the function
g defined as

g(z) ::g(rv)@(B@Kg)@n:x@é(&im{g)@(ﬁ@m)@n. (75)

i=1

Together with Eqgs. (68), (69), (73) and (74), we have

GH(—1.1 x 2%,0) C

(—(2%¢)7,2%) @f C (n,m) if e¢ < emin and s, = 0,

(—(2%)7, (2)" ) @t g C (n,m) if e¢ < emin and s, 7 = 1,

(—(2)7, (2¢)7) &F (3 ® KU) Sfn  C (n,n) if e¢ > emin + 1,8, = 0 and (70) holds,
(—(2¢¢)~ ,(224) ) ®fn C (n,m) if e¢ > emin + 1,8, 1 = 1 and (70) holds,
(—(2¢)7,2%) @ C (n,m) if e¢ > emin + 1,8, 27 = 0 and (71) holds,
(—(20¢)~,2%) @ ( B Ky )&fn () if e > enin + 18,0 = 1 and (71) holds,

and thus, we have ¢'(—1.1x2%_ 0) = (n,n). Similarly, together with Egs. (67)—(69),
(73) and (74), we have §* ((w, 1.1 x 2%)) = (n*,n*) by the following argument:

G ((w, 1.1 x 2%¢))

((25)T, (1.1 x 25t ") @t C (nT,nt) if e¢ < emin and s, a7 = 0,
(2%, (L1 x 2%t ") @ty C () if ec < emin and 5,07 = 1,
(2%¢, (1.1 x 25T ~) @f (5@[(0) o C T,y if e¢ > emin + 1,8, = 0 and (70) holds,
(2¢¢, (1.1 x 25T ") gt g C (nt,nT) if e¢c > emin + 1,8, 1 = 1 and (70) holds,
((2¢)F, (1.1 x 25t ) @l g C (T, n*) if e¢ > emin + 1,5, = 0 and (71) holds,
((25¢)F, (1.1 x 2¢cH1) =) @b (—B ® KJ) @ n C(nt,nt) if e > emin + 1,5, = 1 and (71) holds.

Now we define f(x) and h(x) as

h(a) ;:{<2e8®x>ea<—2ee®o—(n>> it oln) < oln®),
(20 @a)@ (20 o) i oln) > o(n*).

J@)=hz)o P @ e K. (FoK,) ®n,

We need to show the followings to show Eq. (62).
R (T) C (—1.1 x 2°¢,0), (76)
R (ZT) C (w, 1.1 x 2%). (77)

To show this, we consider the following cases.
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Case 1: o(n) < 0(77*).‘
In this case, we need to show

h(o(n) —2%~%) > —1.1 x 2%

h(o(n) <0

h(olr) > w | (7%)
h(o(nt) + 25—50) < 1.1 x 2.

First, note that for any v € F, unless 2% ® + is subnormal, 2° ® ~ is exact.
Hence we have

1
[2%¢ @ v — 2% x ] < iw.

For x = o(n) — 2%~ we have

Imd(2° ® o(n) — 2 @ x)| < [rd (2 x o(n) — 2% X T + w)g|
< rnd((z — o (1)) x 2% + w)p| < rnd(2°¢ +w)p < 1.1 x 2%,

Therefore,
h(z) = (2% @ 2) ® (2% ® o(n)) > —1.1 x 2¢¢.
For = o (), we have
h(o(n) =2 ®@0(n)® (2" ®@a(n)) =0.

For x = o (n™), by Lemma 22, since |0 (1) — o ()] > 2% and —eq — M + emin +
1 =1¢9 € F, we have

ho(™) = (2¥@0(n")) e 2" e-0@m)>w
For z = o(n™) + 2%~ similar to the case of x = o(n) — 2%~ we have
h(z) = (2% @) ® (2% ® o(n)) < 1.1 x 2%.
Therefore, due to Eq. (78), Egs. (76) and (77) hold.

Additionally, we need to show Egs. (63) and (64).
For x > o(n) 4+ 2%~ we have

@z)e(—2°0(n) =md(d @z —2% ®o(n))p > rmd(x x 2° — o (n) x 2%
=rmd((z — o (n)) X 2% —w)g

> rnd(((o(n) + 2e4_39)+ — 0(77)) x 20 — w)F > 2°¢.

Hence, by Eq. (72), we have

g(2° @)@ (2 @o(n))) < nd((z — 0 (1)) X 2° + w)e ® (2)" .

—W)p



Floating-Point Networks Are Provably Robust Universal Approximators 63

Therefore,
fx) <md((z —o(n) x2%° +w)p ® (2T @ (BRK,) @7

)
< md((e - (1) x 2 4wy () 0 (F 2wy
)
<md((z =0 (7)) x 2% +2°70 T+ w) @ (2) T @ (4 ) 2“_M) ® 1)
)
<md((z—o(n7)) x 2 +2%) & (2%)" & <4 % 2e<M> o,

where we use 2% > 8w.
If (x — o (nt)) x 2% < 2% since

5
md((z — o (n7)) x 2 +2% +w) @ (2% & (4 X 26<—M) < 1.1 x 2%t

we have f(z) <nt.
If (z — o (nt))x2% > 2¢<~1 there exist k € N such that kx2%~! < (z — o (n*))x
2°0 < (k+ 1) x 2%~ Then,

5
fl@) Smd((z =0 (%)) x 2 +2), @ (2)" @ (4 x 2“_M) ®n
<md((z — o (n)) x 2% + 2%+ 4 Qeng)F @ (i % 2c<M) &7
k+1

<t {4} 2 <t (= o () x 25,
Z

Similarly, for x < o(n) — 2%~ we have

n—flz) < (x—o0o(n)) x46.

Case 2: o(n) > 0(77*).‘
In this case, we need to show

h(o(n) —2%~%) < 1.1 x 2%

h(o(rt) > w

h(o(n) < 0 (79)
h(o(t) +2570) > —1.1 x 2.

By similar arguments to Case 1, we can show Eq. (79) and Egs. (65) and (66). O

F.3 Technical Lemmas for Lemma 5

This subsection presents technical lemmas for the proof of Lemma 5 (§D.2).
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Lemma 18. Let © € F be normal. Then for any c € F such that ¢, > ey and
lex — ¢c| < emax, there exists w € F such that

wQzx =c4 2 Mtee

Proof. Without loss of generality, we assume x,c > 0 and ¢, = 1. For any normal
a=15,1...5q¢m, we have

(at®@z)— (a®z) =md(at @z) —rnd(a®z) =2~M or 217M,

since (a* x x) — (a x ) =27M x 2 < 217M_ Since the gap is 27 or 2!7M  we
can pick w € F such that w ® x = ¢ £ 27 M+ee, O

Lemma 19 (Floating-point distributive law). Let a,b,c € F be normal.
Then we have

a®(b®c)=(a®b)+ (a®c)+ (C x 27 M1y,
where |C| < la| (2 + 271 |b+ | + [b] + |c]).
Proof. Since
b@e=b+c)(1+6), |0|<e= 9—M-1
We have

a® (b®c)=rnd(a xrnd(b+c)) = (ax (b+¢)) (14 61)(1 + o)
:(ab+ac) (1+51)(1+52)7 |61|7|52‘ §€~

Since
(a®b) + (a®c) =ab(l+463) +ac(l +d4) = a(b+c) + a(bdz + cdy), [03],]04] < €
the difference between a ® (b® ¢) and (a ®b) + (a ® ¢) is
a@b®dc)— ((a®b)+ (a®c)) = (ab+ ac) (51 + Jz + 0192) — a(bds + ¢d4)
Therefore,
la® (b®c)— ((a®b)+ (a®c))| < la| (|b+ c|(2e + %) + (b + |c])e) -
O

Lemma 20. Let z,y € F. Suppose © = 0 or ¢, < —3 — 2M + ¢, where ¢, >
1+ emin. Then for a € {—27M+ev 2=MAes) “there exist oy, ..., a3 € F such that

3
x@gai =0,
i=1

3
y@gai:gﬂra.
i=1
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Proof. Without loss of generality, we assume y > 0.
Case (1) s, m =0.

Ifa=—-2"M*% let a; =y =27 1" Mtew gy = —27Mtey,
Ifa=2"Mte let g =g = =271 MFey g =2 Mtey,
Case (2) s, m =1

Ifa=—-2"Mtew et ap = —27M+ew = g =271 Mtey,
Ifa=2"Mtew let o =2 Moy, qy = a3 = —27 1" Mtey,

O

Lemma 21. Let z,y € F. Suppose x = 0 or ¢, < —4 —2M + ¢, where ¢, >
1+ emin. Then for a € {—27M+ew 2=M+ey) there exist aq,...,a5 € F of the
form a; = 1. 1...1 x2% such that

——

M times

5
xEB@:ai:O,
7,;1
y@Eaizy—i—a.

=1

Proof. Without loss of generality, we assume y > 0.
First, note that

1.1...1¢1. 1...1 =11. 1...1 |

—— —— ——
M times M times M—1 times
11. 1...1 @l.1...1 =md(101. 1...1 01)=101. 1...1 ,
—— —— ——r ——
M—1 times M times M —2 times M —2 times
101. 1...1 @l.1...1 =rnd(111. 1...1 011)=111. 1...1
—— —— —— ——
M —2 times M times M —3 times M —2 times

Hence 7, 1. 1...1 =1. 1...1 x22

M times M times
Therefore, if a = £27 M+ Jet

ar=ag=F1. 1.1 x272 M g = 41, 1.1 x27 1M
N—— N

M times M times
Then we have
3 3
x@gaizo, y@Eai:y—f—a.
i=1 i=1

O

Lemma 22. Consider normal floating-point numbers v1,v2 € F with ey, > ¢y, >
emin + 1. Suppose an integer ey € 7 satisfies the following:

20 < gy — 7] < 201,
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Define ¢g as
¢g = max (emin — M, —€o + emin — M +1).

Then, we have
(2% @m) @ (-2 @72) #0.

Proof. For any v € F, unless 2°¢ ® « is subnormal , 2% ® « is exact. Hence,

—_

12°° @ y1 — 2% x 7| < DR

—_

270 @ 9 — 2% X | < iw.
Since eg > ¢y, — M — 1 and ey > ¢, — M — 1, we have
eg+ey, = —€eotemin—M+1+e, <emin

Therefore following inequalities hold:

12 @ y1 — 2% ® 2]
> 29 Xy = 2% X | = 2% @ 41 — 2% X y1| — [2 ® 2 — 2% X 7o
> 2emin=MAL _y — ),

Since [2° @1, [2°¢ @ g| < 21+emin | their gap to adjacent number is w. Therefore
they are distinct. O

F.4 Technical Lemma for Lemma 6
This subsection presents technical lemma for the proof of Lemma 6 (§D.3).

Lemma 23. For1 <z <1+27! we have (1+2"M)@z =2%. For 1 +271 <
r<2-2"1"M we have (1 +2"M)®@x =27+, Forz =2 - 2™ we have
1+2 M@z =2at.

Proof. (271 + 271" M) @ g = rnd(1 4271~ M —271-2M) — 1, 0

F.5 Technical Lemmas for §E
This subsection presents technical lemma for the proofs in §E.

Lemma 24. Let K € F with |K| € [(1 + 2 M+1) x 27M=21 4 22 _ 2= M],,
Consider e; € Z such that emin — M < ¢¢ < emax — M. Then, there exists v € F
such that the following inequality holds:

1 5
— X 2% < K < - x 2%,
2 TOR=Y
Proof. Let K be represented as
KZBszeK, —M—QSQKSO.

We consider the following cases.
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Case 1: epax — M — 1 < e¢ < emax — M.
If s € [1,14+2"M]p, we have —M — 1 < exr < 0. We define v as

=2t Ter L
Since ¢¢ —ex — 1 < emax — M — (M — 1) — 1 = eyax, we have v € F. Then,
20 <y x K < (1427M) x 2071,
If s € [1+27 M1 2)p, we define v as
yi= (2 - 27 M) x g Ter 2,

Since ¢¢ —ex — 2 < emax — M — (—M — 2) — 2 = epax, we have v € F.
Because

(2-2"Myx (1427 M)y =943 x 27 M _972M+FL 5 o
(2-27M)yx (2—27M) =292 92" M | 972M 4

we have

1
§><2°< <y K < 2%,

Case 2: epin — M +2 <ee <emax — M — 2.
Ifsg € [17 1+ 2_2]JF, define v as

o= 25¢TEK,
As emin — M +2 <e¢ —eg < emax, we have v € F. Then, we have

) 5
2¢¢ S’y@K:rnd(stQeC)Fgrnd(Z><2°<) :Zx2e<,
F

where the last equality is followed by es > emin — M + 2.
Ifsk € (1 + 2’2,2)F, define v as

vy =20 eR T
Asec —exg — 12> emin — M + 1, we have v € F. Then, we have
1 [3 ec—1 [3
5 X2 <7 @K =md(sg x 271 < 2%,

where the first inequality is followed from e¢ —1 > epin —M +1 and s > 1 +272,
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Case 3: ¢¢ = epin — M + 1.
If s € [1,2), define 7 as

= 20K

Since ec — ¢x > emin — M + 1, we have v € IF. Then,
7 ® K =rnd(sg x 20min=M¥) = 9 = 2%¢,

since 2w < s X 20min—M+1 - gw.
Ifsg € [%, %), define v as

= (14271 x 2%¢ex L
Asex < —1,ec —ex — 12> emin — M + 1, and we have v € F. Then,
Y@K =rnd(sg x (1 +271) x 200~ M) = md (s x (1+271) x w)p = 2w = 2°¢,
since 3w < Bw <spe x (14271 xw < Sw.
If sk € (%,2), define v as
o= 2% ex L

Since e; — ¢x > emin — M, we have v € F. Then,

7® K =rnd(sg x 2= M) = rmd(sg x w)p = 2w = 2%,

since %w< %wgsK X w < 2w.

Case 4: ¢¢ = emin — M‘
If spc € [1, %), define v as

o= 25¢T K,

Since e¢ — ¢x > emin — M, we have v € F. Then,
y® K =rmd(sg x 25 M) = md(sp x w)p = w = 2%,

since w < s X w < %w.
If sic € (2,2), we have ex < —1 by the assumption. Define v as

= gec—ex—1L
Since e¢ — e¢ex — 1 > emin — M, we have v € F. Then,
1
v® K =rd(sg x 26‘“‘“—]\/1_1)]F = rnd(§ X6 Xw) =w=2%,
F

since 2w < 2w < 1 x sk x w < w. This completes the proof. O
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Lemma 25. Let 0 = z9 < 21 < -+ < 2z(pj—1)72 = 2 < z(p|+1)/2 = © be
all non-negative floats in F. Then, for any j € [(JF] + 1)/2] U {0} and z; €
(271 x (25 — zi—1), (1 +271Y) x (2; — 2i_1))F, it holds that

Proof. Since it is obvious for j = 0 we consider j > 1, and we use the mathematical
induction on j.

‘Base step: j = 1.‘
For the base step, note that z; = w. Then we have

x1 € (271 x (21— 20), (1 4+271) x (21 — 20))r = (% X w,g x w)p = {w} ={z1}.

‘ Induction step. ‘

Assume that §z=1 x; = z; (inductive hypothesis). We write z; as 5., x 2.
We consider the following cases.

Case 1: 2% < epin + 1.
In this case, zj41 — z; = w. Consider the case of j + 1 as follows:

j+1 j
Dowi= P | Dajr =2 Oz =z,
i=1

=1

where the last equality follows from

_ _ 1 3
zit1 € (27" X (Zig1 — ), 1 +27Y) X (2zj41 — 2))p = (5 X W, 5 X w)r = {w}.

Case 2: 2% > epin + 2.

In this case, zj41 — 2;

J+1 J
Ewi = Exz DO Tjr1 =2 DTjt1 = 2j+1,
i=1

i=1

= 27 M* e Consider the case of j + 1 as follows:

where the last equality follows from

zit1 € (271 X (241 — 2), (L+277) X (2401 — %))z

_ (27]v171+ezj (14 271) % 27M71+exj> '
F

This completes the proof. O
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Lemma 26. For any n € [—23,2%)p, x € [(1+27PT) x 27P=2 /1 4271 — 27P]p,
and n € [2P], there exist k € N and o, 8, 21,...,2k,01,...,0k €F such that

(Ea@x) D01 ®0(21) DD (O @0(2)) ®B € [nT,00)p,
i=1

<§:Q®x> D1 ®0(z1) D @ (0 ®@0(2x)) ® S € (—o0,Np.

Proof. If n is normal, by Lemma 24, there exists a € F such that the following
inequality holds: if n > 0,

1 5
5 ><2e"7M§a®x< Z XQQW?M.

ifn <0,
1
3 x 2 M-l < a0 < Z x 201 M=1,
Then, for n =1,
n®<2a®x>:n@(a®m):n+. (80)
i=1

If n is subnormal, consider o € F such that o ® x = w. Then, for n =1,

T)@(Za@:ﬂ)n@wn*. (81)
i=1

This completes the proof. O
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