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Abstract In this article, we propose a novel Stabilized Physics Informed
Neural Networks method (SPINNs) for solving wave equations. In general,
this method not only demonstrates theoretical convergence but also exhibits
higher efficiency compared to the original PINNs. By replacing the L? norm
with H! norm in the learning of initial condition and boundary condition,
we theoretically proved that the error of solution can be upper bounded by
the risk in SPINNs. Based on this, we decompose the error of SPINNs into
approximation error, statistical error and optimization error. Furthermore, by
applying the approximating theory of ReLU? networks and the learning theory
on Rademacher complexity, covering number and pseudo-dimension of neural
networks, we present a systematical non-asymptotic convergence analysis on
our method, which shows that the error of SPINNs can be well controlled if
the number of training samples, depth and width of the deep neural networks
have been appropriately chosen. Two illustrative numerical examples on 1-
dimensional and 2-dimensional wave equations demonstrate that SPINNs can
achieve a faster and better convergence than classical PINNs method.
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1 Introduction

During the past few decades, numerical methods of Partial differential equa-
tions (PDEs) have been widely studied and applied in various fields of scientific
computation [I,2lBl4]. Among these, due to the central significance in solid
mechanics, acoustics and electromagnetism, the numerical solution for wave
equation attracts considerable attention, and a lot of work has been done to
analyze the convergence rate, improve the solving efficiency and deal with
practical problems such as boundary conditions. For many real problems with
complex region, however, designing an efficient and accurate algorithms with
practical absorbing boundary conditions is still difficult, especially for prob-
lems with irregular boundary. Furthermore, in high-dimensional case, many
traditional methods may become even intractable due to the Curse of Dimen-
sionality, which leads to an exponential increase in degree of freedom with the
dimension of problem.

More recently, inspired by the great success of deep learning in fields of
natural language processing and computational visions, solving PDEs with
deep learning has become as a highly promising topic [BL6L7RQT0]. Several
numerical schemes have been proposed to solve PDEs using neural networks,
including the deep Ritz method (DRM) [11], physics-informed neural networks
(PINNSs) [12], weak adversarial neural networks(WANs) [I3] and their exten-
sions [I4L[I5L[I6]. Due to the simplicity and flexibility in its formulation, PINNs
turns out to be the most concerned method. In the field of wave equations, re-
searchers have successfully applied PINNs to the modeling of scattered acoustic
fields [I7], including transcranial ultrasound wave [I8] and seismic wave [19].
In these works, all of the authors observed an interesting phenomenon that
training PINNs without any boundary constraints may lead to a solution un-
der absorbing boundary condition. In another word, the waves obtained by
PINNs without boundary loss will be naturally absorbed at the boundary.
This phenomenon, in fact, greatly improves the application value of PINNs
in wave simulation, especially for inverse scattering problems. On the other
hand, although PINNs have been widely used in the simulation of waves, a
rigorous numerical analysis of PINNs for wave equations and more efficient
training strategy are still needed.

In this work, we propose the Stabilized Physics Informed Neural Networks
(SPINNS) for simulation of waves. By replacing the L? norm in initial condition
and boundary condition with H' norm, we obtain a stable PINNs method,
in the sense that the error in solution can be upper bounded by the risk
during training. It is worth mentioning that, in 2017 a similar idea called
Sobolev Training has been proposed to improve the efficiency for regression
[20]. Later in [2I] and [22], the authors generalized this idea to the training of
PINNSs, with applications to heat equation, Burgers’ equation, Fokker-Planck
equation and elasto-plasticity models. One main difference between our model
and these works is that, we still use the L? norm, rather than H' norm for the
residual and initial velocity in the loss of SPINNs. This designing, as we will
demonstrate, turns out to be a sufficient condition to guarantee the stability,
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which also enables us to achieve a lower error with same and even less training
samples. Furthermore, based on this stability, we firstly give a systematical
convergence rate analysis of PINNs for wave equations. In general, our main
contributions are summarized as follows:

Main contributions

e We propose a novel Stabilized Physics Informed Neural Networks method
(SPINNSs) for solving wave equations, for which we prove that the error in
solution can be bounded by the training risk.

e We numerically show that SPINNs can achieve a faster and better con-
vergence than original PINN .

e We present a systematical convergence analysis of SPINNs. According to
our result, once the network depth, width, as well as the number of training
samples have been appropriately chosen, the error between the numerical so-
lution ug from SPINNs and the exact solution u* can be arbitrarily small in
the H' norm

By vy e = @l < e

The rest of this paper is organized as follows. In Section [2} we describe the
problem setting and introduce the SPINNs method. In Section [3} we study
the convergence rate of the SPINNs method for solving wave equations. In
Section 4] we present several numerical examples to illustrate the efficiency of
SPINNSs. Finally in Section [5| the main conclusion will be provided.

2 The Stabilized PINNs method

In this section, we would introduce a stabilized PINNs (SPINNs) method for
solving the wave equation. For completeness, we first list the following no-
tations of neural networks and function spaces we will use. After that, the
formulation of SPINNs will be presented.

2.1 Preliminary

Let D € N, we would call function f a neural network if it is implemented by:

fo(l’) =,
fl(x):pl<Alfl—1+bl)a fO’I" l:17"'7D_17
f:=fp(x)=Apfp_1+bp,

where 4; = (a{/) € R"*™-1 b = (b{") € R™.And p; : R™ — R™, is the
active function. The hyper-parameters D and W := maxz{N,,l = 0,--- ,D}
are called the depth and the width of the network, respectively. Let @ be a set
of activation functions and X be a Banach space, the normed neural network

function class can be defined as

NOWA - lIx,B},P) :={f: f is implemented by a neural network with
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depth D and width W, || f||x < B, p\" € & for each i and I}.

Next, we introduce several standard function spaces, including the continuous
function space and Sobolev space:

C(£2) := {all the continuous functions defined on (2},

C(2):={f:2=>R|D*feC(2)} o <s,

C(£2) := {all the continuous functions defined on 2}, [ flle@) = max|[f(2)],
e

C*(@) = {f: 2+ R| D[ € C@}lal < 5. fliy = max  [D*f(a)]

z€R,|a|<s

LP(Q):z{f:Q—HM/ |fpdx<oo},
fo)

1/p
1l = [ / |f|pda:} p e [1,00),
L) ={f:2—>R|3C>0st|f|<Cael},
£l poe () == f{C | |f| < C ae},

H*(2):={f: 2= R|D*feL*N),|a| <s},
1/2

£l ey = | D ID“FIl320)

lal<s

2.2 Stabilized PINNs for wave equations

Considering the following wave equation:

uy — Au = f, (z,t) € L2,

u(z,0) = p(z), x € (2, 1)
w(x,0) = P(x), x € {2,

u(z,t) = g(x, ), x € 92,t €[0,T],

where Au = Zle Ug,z;, 2 = (0,1)% and 27 = 2x [0, T]. Through this article,
we would assume this problems defines a unique solution:
Assumption 1 Assume has a unique strong solution u* € C?(f27) N
C(27).

Without loss of generality, we further assume that f,¢,1,g and their
derivatives are L> bounded by a constant . Denote B = max{2||u* | o277y K4}

Instead of solving problem by traditional numerical methods, we turn to
formulate as a minimization problem on C?(£27) N C(£2r), with the loss
functional £ being defined as:

L(u) = [Juee(@,t) — Au(@,t) = 720, + [ul@,0) = @(@)]Fn (o)
+lue(,0) = (@) 720 + lul@, ) — 9@ )71 90 (2)
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Remark 1 Different from the original loss in PINNs, we adopt H'-norm in
stead of L2-norm in the learning of initial position and boundary condition.
This modification, as we will demonstrate, offers advantages in both theoretical
analysis and numerical computation.

With assumption [I} we know that «* is also the unique minimizer of loss
functional £ such that L(u*) = 0. Let |2| and |0£2| be the measure of {2 and

012, namely, |2| := [, 1dx, |892| := [, 1dx and |T| := fOT 1dt, then L(u) can
be equivalently written as
2
L(u) = Q|| TExecv),rev(o,) (utt(X7 T)— Au(X,T) — f(X, T))

d

+120Exeuta)| (X0 - o) + > (1 (%,0) 2, ())°

+ (w(X,0) — w(X))Q]

+ 02T By evom rev(om | (WY, T) - o(¥.T))’

(V. T) - gV, T) + i (1 V.T) = 02, (VD)) 3)

where U(£2), U(912), U([0,T]) are uniform distribution on 2, 82 and [0, 7],
respectively. To solve minimization of £(u) approximately, a Monte Carlo dis-
crete version of £ will be used:

2
/ \QIITI ZZ (utt X, Ti) — Au(Xp, Th) — f(Xn,Tk))

S
IQIZ[ (X0, 0) — (Xn))%rig(ugg,i(Xn,o)—saaci(Xn))2
+ (ui( X, 0) - «/)(Xn))]
oo me[ Vs T0) — 9V, i)

+ (e (Yo, T) = 96 (Yo, T))* + Zd; (1 (Yon To) = g, (Y, T0)) " | (4)

where { X, }0_ 1, {V;n}M_, and {T}} | are independent and identically dis-
tributed random samples according to the uniform distribution U({2), U(9£2)
and U([0,T]), respectively. With this approximation, we would solve the orig-
inal problem by using the empirical risk minimization:

Gy = arg Jfér?l) L(ug), (5)



6 Yuling Jiao et al.

where the admissible set P refers to the deep neural network function class
parameterized by ¢. In this work, we will choose P as the ReLU 3 network
function space, to ensure P C C%(£27) N C(£27). More precisely,

P=NDW.{|- ”CQ(_QiT)?BL {ReLU3})7

{D, W} will be given later to ensure the desired accuracy. The ReLU? activa-
tion function is defined by

23, x>0,
plx) = {

0, others.

In practical, the minimizer of problem is usually obtained through some
optimization algorithm A. We would denote the minimizer as ug_,.

3 Convergence analysis of SPINNs

In this section, we will present a systematical error analysis of SPINNs for wave
equations. To begin with, we first review some basic notations and theorem in
the PDEs theory on wave equations.

For wave equation, its total energy consists of two parts: kinetic energy U
and potential energy V', both of which can be expressed by multiple integrals,

1
U:f/ufdac,
2J)a

1 d
V:f/ u? | d,

and their sum is called energy integral, the total energy of the wave equation
(1)) excluding a constant factor is denoted as,

d
E(t)z/g(uf—kZuii) dz. (6)
i=1

Theorem 1 (Energy stability) We denote Ey(t) := [, u*dx, which stands
for the square norm estimation of u. We have the energy inequality as below.

T
E(t) + Eo(t) < C(T)(E(0) + Eo(0) + /O i Fdxdt

T
+2/ / lug| - [[Vulldsdt).
0o Joo

Proof See Appendix [6.1] for details.
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3.1 Risk decomposition
By the definition of u* and w4 ,, we can decompose the risk in SPINNs as

L(ug,) — L") =L(ug,) — Llug,) + L(ug,) — L(iy) + L(i1g)

where @ is an arbitrarily element in P. Since £(iig) — £(7) < 0, and u is an
arbitrarily element in P, we have:

L(ug,) — L(u) < 2sup |L(u) — L(u)

ueP

+inf
ueP

L(u) = L(u")

+ | Etus) - L0

Esta Eapp Eopt

Thus, we have decomposed the total risk into approximation error (gqpp), Sta-
tistical error (es,) and optimization error (g,p;). While the approximation
error describes the expressive power of ReLU? network, the statistical error is
caused by the discretization of the Monte Carlo method and the optimization
error represents performance of the solver A we use. In this work, we compro-
misely assume that the neural network can be well trained such that e,y = 0,
and leave the optimization error as future study. In this case, it can be found
that @y = ug -

3.2 Lower bound of risk

Next, based on the energy stability of wave equations, we shall present a lower
bound of risk £(tg) — L£(u*) in SPINNs. As we will demonstrate later, the risk
can be arbitrary small if the network and sample complexity have been well
chosen, and thus we can assume L£(4y) — L(u*) < 1. Let v = Gy — u* be the
error between numerical solution and exact solution, we have

Utt—A’UZ(’&,(b)tt—Aﬂdg—féf, xEQ,tG[O,T],

v(z,0) = ty(x,0) — @(z), T € (2, )
Ut(.T,O) = (a¢)t(x’0) - 1/1(%), S 'Qa

v(x,t) = Gy(z,0) — g(x, 1), x € 00,te|0,T],

and ””HC?((TT) < %B. By applying theorem to equation , we obtain

g — |17,
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d
= ’112 1)2 X ’U2 X
/Q<t+;x1‘>d+/nd
T T
<C(T) (E(0)+E0(0)+/0 /szdxdt—i-Q/o /BQ |vt-Vvdsdt>

<C(T) (/ (v (z,0) +va ,0) )d:c+/ v(z,0)%dzx

=1

/ / lg)er — Aty — f) dwdt—l—S\fB/ / |vt|dsdt>
o0

<C(T) (/ (v (z, 0) +szl 2,0) )dq;+/n (2, 0)2dx

// (iig)er — Aflg — )dxdt+3f8|aQT|// 2dsdt é)

(1) (s = Aty = [y + 1 9)e(,0) = (@) 320
g (@,0) = 9(@) 3 + 3VABIODr i (2,8) = (Dl 02, )
(T) (£(@g) + 3VaABloQr| £(as)? )
<C(T)(1+3VaBIOR2r|)L(ig)? (L) < 1)

1
2

< (L) - £6) (2w =0)

where we define v(T,d, B, |0027|) £ C(T)(1 + 3VdB|027|). Combined this
lower bound with previous risk decomposition, we can arrive at:

||ﬁ¢ - U*H%Il < ’YQ(Eapp + Esta)- (8)

3.3 Approximation error

By applying the following lemma proved in our previous work, we can get the
upper bound of approximation error:

Lemma 1 Vu € C3(Q27) and € > 0, there exist a ReLU® network ugs with
depth [logad] + 2 and width C(d, ||u||03 (7) )(2) such that

17— ugllce gy <&

Proof A special case of Corollary 4.2 in [23].
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Theorem 2 Under the Assumption 1| and the condition that u* € C3(Qr),
for any € > 0, if we choose the following neural network function class:

1

Lidt1
2)

b

P = N([logad] +2,C(d, [£2], 1092, T, [u*] cs () )(

{1 2@y 2w ll o2 @y b {ReLUPY),
then the approzimation error €y, < C(d,|27|,082r|)e>.

Proof See Appendix [6.2] for details.

3.4 Statistical error

The following theorem demonstrates that with sufficiently large sample com-
plexity, the statistical error can be well controlled:

Theorem 3 Let D,W € N, B € R*. For any € > 0, if the number of samples
satisfy:

N = C(d,|2|, B)D*W?*(D + log(W))(L)**7,

K = C(d,|T|,B)D? fx (D, l/\/)(%)kl7

M = C(d, |00, B) fu(D,W)(2)*2,
where fx(D,W) > 1, f;u(D,W) > 1, § is an arbitrarily small number such
that

ki+ ko =2+,
fk(DvW) ! fM(Dvw) = D2W2(D + ZOQ(W))a

then we have:

m=1’

B s Y AT M, 5P (W) L) <e

Proof See Appendix [6.3] for details.

3.5 Convergence rate of SPINNs

With the preparation in last two sections on the bounds of approximation and
statistical errors, we will give the main results in this section.

Theorem 4 Under the Assumption |1 and the condition that u* € C3(Qr).
For any € > 0, if we choose the parameterized neural network class

. 1
P = N([logad) + 2, C(d, | 21,1021, IT], 4| sz ) (55) "+,

52
{H : ”C?(QiT)y 2||U* ||CQ(97T)}’ {ReLUB})



10 Yuling Jiao et al.

and let the number of samples be
N =C(d, |92, B)(
K = C(da |T|78)(54
M = C(dv |aQ|7B)(E%)k2+k2,

L)d+3+6
= ’
1 \k1+kq

) :

where 151, ko > 0, § is arbitrarily small such that

k1+ ke =249,
I;Zl + i%Q =d+1,
then we have:
B B 1 — W @) <€
Proof By theorem [2] if we set the neural network function class as:

1

P = N(llogad] +2, C(d, |12, 1021, 171, " sy ()4
{1 lle2(arys 21wl o2 gy Y {ReLU®Y) (9)
the approximation error can be arbitrarily small:
4
€
Eapp < 292 (10)

Without loss of generality we assume that ¢ is small enough such that

gl ey < lu” = gl engam) + 6l onamy < 2 lengam)-
By theorem [3] when the number of samples be:
N = C(d, 2], B)(Z&)™3+°,
K =C(d,|T|,B) ()" **, (11)
M = C(d, |092|, B)(L)k=tF2,

where § is an arbitrarily positive number and

ki+ ko =2+, (12)
]~€1 + E‘z =d+1,
we have:
e
B, 1 Y L (T, Sote < 53 (13)

Combining (8)), and together, we get the final result:

By vy gy e = u®ll gy
<Efx, N (v M {Tk}g;th (L(tig) — L{u*))]*

n=1’ m=1’

<e. (14)
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4 Numerical Experiments

In this section, we would use SPINNs to solve wave equation in both one
dimension and two dimension.

4.1 1D example

Consider the following 1D wave equation on 2 = [-2,2] from ¢t = 0 to t =
T=28:
Upp = Ugg re, 0<t<8,
u(0,x) =0, x € {2,
u(0,2) =0, x € 0, (15)
u(t, —2) = sin(0.87t), 0<t<8,
u(t,2) =0, 0<t<8s.

For the training with SPINNs, we use a four-layer ReLU? network with 64
neurons in each layer to approximate the solution. We choose the Adam al-
gorithm to implement the minimization, and the initial learning rate is set as
1E-3.

As for sample complexity, we train SPINNs with 10000 interior points, 500
boundary points (250 for each end) and 250 initial points in each epoch, all of
which are sampled according to a uniform distribution (see (a) in Figure [I]).
Further more, to obtain a better accuracy, we apply GAS method [24] as an
adaptive sampling strategy. After every 250 epochs, we would adaptively add
600 inner points, 30 boundary points and 15 initial points based on a Gaussian
mixture distribution. The GAS procedure will be repeated for 10 times. See
[24] for more details. For evaluation, we use the central difference method with
a fine mesh (dx = 0.01, dt = 0.009) to obtain a reference solution w.g, (see
(b) in Figure [1)) , with which we can calculate the following relative error by
using numerical integration:

Relative error = M

l[wcdmll2

Figure |2[ demonstrates the numerical result of PINNs and SPINNSs for
after Ng times of adaptive sampling by GAS. As we can see, the SPINNs
method converges faster than the classical PINNs, e.g., after 5 times of adap-
tive sampling, SPINNs have already captured all the six peaks of standing
waves generated by the superposition of reflected wave and right-traveling
waves. Furthermore, we present the relative error of PINNs and SPINNs in
Figure [3] which shows that our method can achieve a lower relative error at
the early stage of training. On the other hand, with the times of adaptive
sampling increasing, the classical PINNs can also arrive at a comparable ac-
curacy, which has also been revealed by (g) in Figure 2| These results reflect
the fact that training with SPINNs can speed up the convergence in solution,
especially when the number of samples is relatively small.
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Fig. 1 Collection points (left) and reference solution (right) in [0, 7] x £2. The red, green and
blue points stand for the initial points, boundary points and interior points correspondingly.

4.2 2D example
Consider the following 2D wave equation on 2 = [-2,2]? from t =0 to t = 1:

Upt = Ugg + Uyy, re 2, 0<t<,

u(0,z,y) = sin(2m\/22 + 12), V2 +y? <1,

u(0,2,y) = 0, VETE >, (16)
ut(0,7,y) =0, (z,y) € 2,

u(t,xz,y) =0, (z,y) € 02,0 <t <1,

For the training with SPINNs, based on the experiment, we choose a three-
layer ReLU?® network with 512 neurons in each layer to approximate the so-
lution. The optimization algorithm and the initial learning rate are kept as
before.

As for sample complexity, we train SPINNs with 2000 interior points, 4000
boundary points (1000 for each edge) and 1000 initial points in each epoch,
all of which are sampled according to a uniform distribution. For evaluation,
we use the central difference method with a fine mesh (dz = dy = 0.01,
dt = 0.004) to obtain a reference solution ueqm, with which we can calculate
the pointwise absolute error |ucgm — ug|. As we can observe from Figure E|
and Figure [§] the SPINNs method can achieve a lower pointwise error, after
training for same epochs. This superiority, in fact, can be understood as that
learning with derivative information improves accuracy in the fitting of initial
condition.

5 Conclusion
In this work, we propose a stabilized physics informed neural networks method

SPINNSs for wave equations. With some numerical analysis, we rigorously prove
SPINNSs is a stable learning method, in which the solution error can be well
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(a) NG:Q,’U,PINNS (b) NG:2,’U,SPINNS

(C) NG:5,UPINNS (d) NG=5,USPINNS

(e) NG — S,uPINNs (f) NG — 8’uS'PINNs

°

o 1

2 3 4 5 6 7 1 2 3 4 5 6 7

(g) NG:11,UPINNS (h) NGzll,uSPINNS

Fig. 2 The numerical result of PINNs and SPINNs for equation (15)).
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1.0 — err_PINN
—— err_SPINN

0.8 4

0.6 4

Relative error

0.4 4

0.2 4
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0 500 1000 1500 2000 2500
Epoch

Fig. 3 The relative error of PINNs and SPINNSs.

controlled by the loss term. Based on this, a non-asymptotic convergence rate
of SPINNSs is presented, which provide people with a solid theoretical foun-
dation to use it. Furthermore, by applying SPINNs to the simulation of two
wave propagation problems, we numerically demonstrate that SPINNs can
achieve a higher training accuracy and efficiency, especially when the number
of samples is limited. On the other hand, how to extend this method to more
difficult situations such as high dimensional problems and how to handel the
optimization error in our convergence analysis are still needed to be studied.
We will leave these topics as our future research.
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6 Appendix
6.1 Appendix for energy integral of wave equations

According to the Gaussian formula, we have

d

d
/Q (Z(utmuz) —+ ut(z u$$)> dr = /Q(V (ugVu))dz

i=1 i=1

:/ u;Vu - nds, (17)
o0
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Fig. 4 The numerical result for after 10000 epochs training of PINNs.
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Fig. 5 The numerical result for after 10000 epochs training of SPINNs.
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where n is the unit outer normal vector. Combine @ and ,We have

d
dE(t
% = 2/0 <ututt + Zuxzux,t> dx

=1

d
= 2/ UplUps — Ug Z Ug,z; | dx + 2/ u; Vu - nds
2 a0

i=1

:2/ utfda:+2/ uwVu - nds
o} o0

< / (u§+f2)dx+2/ g - |V ds. (18)
Q o2
Multiply both sides of the inequality by e,
—t
AT E®t) <et </ fzdas+2/ e | - |Vuds> . (19)
dt 7 00

Then, integrating the equation from 0 to t,

t t
E(t) <eé' (E(O) +/ e_T/ fAdzdr + 2/ e_T/ || - ||Vu||dsd7>
0 Q 0 00

For any ¢ € [0, 7],

T T
E(t) <y (E(O)—i—/o /Qdexdt—i—Q/O /{m |ut|~||Vu||dsdt>, (20)

(1 is a constant that is only related to T'. Further we have

o - / 2uuydr < / u?dx JF/ ujde < Eo(t) + E(t) (21)
dt I7) [ 2

Multiply both sides of the above equation by e ¢,

%(e_tEo(t)) <e 'E(t) (22)
Integrating the equation from O to t,
Eo(t) < e'Ey(0) + et /ot e TE(T)dr (23)
For any ¢ € [0, 7],
Eo(t) < G (Eo(0) + E(1)) (24)

Cs is a constant that is only related to T'. Combine and ,We have,

T
E(t)+ Eo(t) < C <E(O) + FEo(0) + /0 /Q fAdxdt (25)

T
+2/ / |ut-|Vu||dsdt>. (26)
0 a2

C' is a constant that is only related to 7.
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6.2 Appendix for approximation error

[Proof of theorem According to lemma we know that for u* € C3(Q2r), e >
0, there exist a ReLU? network with depth [logad]+2 and width C(d, ||u* ||C3((TT))(%)‘”1,

such that [|[v(2, )]l o2 @y = lu* — ol ez (a7 < € Hence,

Eapp < |L(1y) — L(u")]
= [I(ag) et (, 1) — Adg(2,1) = fll72(0p + s, 0) — o(2) [ F1 (0
+ [[(@g)e (2, 0) = (@) 7200y + g (2, 1) = 9z, O)l|7n 20
<Nl Z2(0p) + 12017200 + 10(2, 0) 312 ) + 10 (@, 0)[1 2202y + 0111 (002
< C(d,|2r],|0027]) - €2

6.3 Appendix for statistical error

We will give the precise computation on the upper bounds of statistical error
in this section. To begin with, we first introduce several basic concepts and
results in learning theory.

Definition 1 (Rademacher complexity) The Rademacher complexity of
a set A C RY is defined by

N
1
R(A) =By | l Py > Ukak] :
k=

where {ak}k 1 are N ii.d Rademacher variables with p(ox = 1) = p(oy =
~1) =

Let (2 be a set and F be a function class which maps 2 to R. Let P be
a probability distribution over 2 and {X;}2_, be i.i.d. samples from P. The
Rademacher complexity of F associated with distribution P and sample size
N is defined by

Rpn(F) =Eix, 00, sup Zoku Xk)

Lemma 2 Let {2 be a set and P be a probability distribution over §2. Let
N € N. Assume that w : 2 — R and |w(z)| < B for all x € §2, then for any
function class F mapping §2 to R, there holds

%p,N(w(x)]:) S BmP,N(}—);
where w(x)F = {u : u(z) = w(z)u(x),u € F}.

Proof See [25] for the proof.
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Definition 2 (Covering number) Suppose that W C R. For any € > 0 ,let
V' C R" be an e-cover of W with respect to the distance do,, that is, for any
w € W, there exists a v € V such that d(u,v) < &, where d, is defined by
doo(u,v) := maxj<;<n [4;i — v;]. The covering number C(e, W, d) is defined
to be the minimum cardinality among all e-cover of W with respect to the
distance d.o.

Definition 3 (Uniform covering number) Suppose that F is a class of
functions from 2 to R. Given n sample Z,, = (Z1, Za,- -+ Z,) € 2™, F|z, C R"
is defined by

Flz, CR" ={(uw(Z1),u(Zs), - ,u(Zy,)) :u € F}.

The uniform covering number C, (g, F,n) is defined by

Coole, Fym) = Jnax, Cle, Flz,,dso)-

Lemma 3 Let {2 be a set and P be a probability distribution over 2. Let
N € Nx>j,and F be a class of functions from {2 to R such that 0 € F and the
diameter of F is less than B,i.e.,||ul|p~(2) < B,Yu € F. Then

. 12 (5
Ren(F) < inf (45 + N /5 V10g(2Co (e, F, N))ds).

Proof This proof is base on the chaining method, see [26].

Definition 4 (Pseudo-dimension) Let F be a class of functions from X to
R. Suppose that S = {1,223, -+ ,x,} C X. We say that S is pseudo-shattered
by F if there exists y1, 2, -, yn such that for any b € {0, 1}", there exists a
u € F satisfying

SZg?’L(U(iL’l) - yi) = blaz = 1727 e, N,

and we say that {y;}? ; witnesses the shattering. The pseudo-dimension of F,
denoted as Pdim(F), is defined to be the maximum cardinality amoong all
sets pseudo-shattered by F.

Lemma 4 (Theorem 12.2 in [27]) Let F be a class of real functions from
a domain X to the bounded interval [0, B].Let € > 0. Then

Pdim(F)

Cule. For) < S0 (D),

i=1

which is less than (#fs(ﬂ)])dm(}—) for n > Pdim(F).
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Next, to obtain the upper bound, we would decompose the statistical error
into 24 terms by using triangle inequality:

where

B XY Y BT}, 5D (£ () — L(u)] <

D B e i, SUR 1£5(0) = £ (w)

L1 = 2T |Ex v(2)r~uv o) (ue(X,T))?,

2
= [Q||TEx ~v(2).r~U(0.1]) (Zuz 2 (X, T) ,

L3 = |Q||T|Ex~v()r~vor) (F(X, 1)),
d

Ly = =2|02||TExvu(a),r~v(o,1) <Z Ut (X, T )y, (X, T))

=1
Ls = =2|2||TEx~u(0)r~vor) (we(X,T)f(X,T)),

Lo = 2|Q||TEx~v),r~U(0,1) (Z Ug,z; (X, T) f(X, T)> ;

,C7 = |Q‘EX~U(Q) (U(X, 0)) s

Ls = |2Ex v (p(X))?,
Ly = —2|Q|Ex v (u(X,0)p(X)),

d
Lyo = [2[Ex~v (o) (Z Uz, (X, 0)2> ;

i=1
d
Ly = |Q‘EX~U(Q) (Z (pml(X)2> )
i=1
d
L2 = _2|Q‘EX~U(Q) (Z Ug; (X7 0)90w1 (X)> )
=1

L13 = |Q|Ex ) (u(X, 0)?,

L1 = [2[Ex~v(o) (X)),

L5 = 2R Exv(0) (u:(X,0)9(X))
Lig = |092||T|Ey ~v00),r~v 0,17 (w(Y,T)
Li7 = |02||T|Ey ~v00) r~v o1 (9(Y:T))?,
Lig = =2|0Q||T|Ey ~v(00),r~v (o, (Y, T)g(Y,T)),
L9 = |092||T|Ey ~v(00),r~v((0,17) (we(

=

Lao = |02||T|Ey v (a0),7~U(j0,T))
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Loy = =2[00||TEy v a0y, r~vqo,) (w:(Y,T)g:(Y,T)),

d
Loz = |02||T|Ey ~v(00)r~v(0,1)) D, (ta, (Y, T)?) ,
=1
d
Las = |02||T|By ~v(00).r~v(0,1)) Y, (92,(Y,T)?)
=1
d
L24 = =2|00Q||T|Ey ~v02).r~u(o.) ) (e, 2i(Y, T)ga (X, T)),
=1

and £;(u) is the empirical version of £;(u). The following lemma states that
each of these 24 terms can be controlled by the corresponding Rademacher
complexity.

Lemma 5 Let { X, }0_ 1 {Yi M {TW}E| be i.i.d samples from U (£2),U(052),U([0,T7),
then we have

Lj(u) = £;(u)| < C(d, B)Ru,n (F;)

B X, Y M (i, SUP
: . T ueP

for 3 =1,2,---,24, where:

Fi={£f:0r = R| JucP st flzx,t)=mun(rt)?},
Fo={xf: 027 =Rl FueP 1<i<j<d st f(o,t) = Upe, (@, t)Us;a, (2, 1)},
Fio={£f: 070 >R FueP 1<i<d st f(z,t)=uu(@, g, (2,1)},
Fo={xf:2r >R FueP st f(z,t)=uu(zt)},

Fo={xf:2r >R FJueP 1<i<d st f[f(z,t)=ugq(z,t)},
Fr={+f:2 >R FuecP st f(z)=u(z,0)7?},

Fo={xf:2—=R| FJueP st f[f(z)=u(z0)}

Fro=A{£f2 =R FueP 1<i<j<d st [f(x)=ug(v,0)ug(x,0)},
Fro={£f: 2 >Rl FJueP 1<i<d st f[flz,t)=uy(z0)},

Fiz={£f: 2 =R JueP st [f(zr)=ulz,0)7?},

Fis={£f:2—->R| FueP st f(zr)=w(z0)},

Fio={£f:00r =R FuecP st flx,t)=uz,t)?|on}

Fis={x£f:00r - R| JueP st f[f(zt)=u(zt)on},

Fro={+f:007r =R| uecP st f(z,t)=u2,t)?s0},

For={xf:002r = R| FueP st flz,t)=w(zt)se},

Foo={£f:007 - R| ueP 1<i<j<d st f(x,t)=ug, (2 t)u,(2,t)]on},

Fouo={£f:0027r - R| JueP 1<i<d st f(z,t)="1u,(z,t)|on}

Proof The proof is based on the symmetrization technique, see lemma 4.3 in
[25] for more details.
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Lemma 6 Let @ =

Fi CNy:
Fr C Ny
Fiy CNy:
F5 C N5 :
Fo C N :
Fr CN7:
Fo9 C Ny :
Fio C Ny =
Fra CNig =
Fiz3 C Nz :
Fi5 C N5
Fi6 C Nig
Fig C Nig
Fio9 C Nig :
Fo1 C Noy
Faz C Nag :
Fos C Noy :

{ReLU, ReLU?, ReLU®}. There holds

=N(D+5,(D+2)(D+ YW Al - oz B} D),
=N(D+5,2(D+2)(D+4HW Al - llcizmy B}, D),
=N(D+5,2(D+2)(D+4HW Al -l B>} D),
=N(D+4,(D+2)(D+ YW Al llcm. B} D),
=ND+4,(D+2)(D+ YW Al llc@m. B} D),
=N@+ D)W Al o, B} ),

=NOWAll - llo@r B} ®),

N(D+2,(D+2W Al e, B P).
=N(D+3, P+ 2)W Al - o). B2} P),
=ND+2,(D+2W Al @), B} D),
=N@+ 1WAl o, B ),
=NDOW Al llo@m: B} P),
=N@+3. (D +2W Al lor) B P),
=ND+2,D+2)W Al @y, B 2),
=N(D+3,2(D+2)W Al - | o(@my» B}, P),
=N +2,(D+2W Al o), B ®).

Proof The proof is an application of proposition 4.2 in [25]. Take F; as an
example, since u € P, we have uy € N(D +2,(D +2)W . {| - l|c1 (7). B}, P)
and uy € N(D +4,(D +2)(D + OW. Al - | c@r) Bt ®). Notice the square

operation can be implemented as 12 = ReLU?(z) + ReLU?(—

x), thus we get

that u, € N'(D +5,(D + 2)(D + YW Al - loizy: B @)

Lemma 7 (Proposition 4.3 in [25]) For any D,W € N,

Pdim(N (D, W, {ReLU, ReLU?, ReLU?})) = O(D*W?(D + logWV)).

Now we are ready to prove Theorem 3| on the statistical error.

Proof (The proof of Theorem @) According to lemma |3 and lemma @
e Fori=1,2,4,56, when the sample numbers n = NK > Pdim(F;),

we have

Rpy,ni(Fi) <

Bi
inf (45+\/% /5 \/log(QC’oo(a,fi,N))ds>

0<6<B;
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12 (B eNKB; \ 4mF)
< inf |4 log [ 2 [ 22 d
<o \ T UNE s $ Og( (5~Pdim(]~"i)) €

128; eNKB;
< i . Pdim(F;)! d
- 0<1§1<fBi (46 T UNK / \/ im(Fi)log €- szm(f)) 8)
(27)
Let t = 4/log (%), then ¢ = Pedjjng.) —t*, Denoting:

z eNKB, N\, _ | eNKDB;
I\ B, Paim(Fy) )"~ \ "\ s Pdim(F;)

we have:
/ B (ENEB N
s I\ Pim(F)
. t2 5
_ 2eNKB; / 2o gt
Pdim(F;) Jy,
2eNKB; /t2 —e=t’
= t dt
Pdim(F;) Jy, 2
eNKB; 2 42 b2 2
= 1 2 dt
Pdim(F,) [tle e +/tl ‘
eNKB,- 2 2 2
< o -ty _ —t3 to — t —t3
= Pdim(F) [tle bae™ 4 (B2 —ta)e }
< GNKBfL' " eit?
= Pdim(F;) *
_B\/Og<6-szm(.7:i)) 29
Substitute into (| and choose § = B; (PdL(]’—)) ? < B;, we have:
12B; eNKB;
. < . 7 P
Rpy, vk (Fi) < 0<1§1<fBi (4(5—|— / \/ dim(F;)log = szm(}_)>d5>
< inf 46 + 12B; 123 \/ Pdim(F, eNKB;
= 0o, JNE JNK 5 - Pdim(F;)

<225 (W}é wog (1%>
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<28 gmax{B,Bﬂ} <Hl> i log (eNK) (29)

where
Hi = C1(D+2)%(D+4)*(D +5)*W?[(D +5) + log(2(D + 2)(D + 4H)W)].

The last step above is due to lemma [7}
e Fori=17,9,10,12,13,15, when the sample numbers n = N > Pdim(F;),
we can similarly prove that

Ry, n(Fi) < 28\/7max{l3 B*} HQ Hl (30)

Ho = Cz(D + 2)%(D + 3)*W2[(D + 3) + log(2(D + 2)W)].

e For ¢ = 16,18,19,21,22,24, when the sample numbers n = MK >
Pdim(F;), we have

where

3 eMK
Ruoor),mr (Fi) < 28\/777101’{37 B} (31)
2 Hs
where
Hs = C3(D + 2)*(D + 3)*W?[(D + 3) + log(2(D + 2)W)].
e For ¢ =3, we have,
B, h,qmie, (s — Ls
1 N K
= 2(|ITE(x,y~_, (=, |[Ex~v2),r~v o, f(X, T NK Z Z (X, Ti)?
n=1k=1
1 N K
<|QIT| | Egx,yy_, qnayrs [BEx~ue)r~uo,m) f (X, T)? T NK Z Zf X, Ty)?
n=1k=1

Ex~v (@), r~vo,r)f (X, T)? = f(Xn, Tk)?

n=1 k=1

N K
|27
= N\ B, o, 2 0

|2[|T|
=~ NK NK -Ex,~v(),m~u(0,1)

_ 12T e 2
=N VNEo(f(X.T)%)

Ex~v(@)r~vqo,r)f(X,T)? = f(X1,T1)?
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— oD

where o(f(X,T)) is the standard deviation of f(X,T). With the bound of f,
we can further obtain,

o*(f(X,T)%) = E ((f(X,T)%)?) - (E(f(X,T)?))*
1 2\2
(f ) axar)

N

i

1 4
= 1alT </Q dXdT)

1
< |28
|2/

A

A

I
oy

then we have,

Ex~v@),r~vo,m|Ls — Ls

| B
< |27 NEK-

| B
| B

L7 — La7

e Similarly, for i = 8,14, 17, 20,

Ex~v@),r~v(o,m)|Ls — Ls

Ex~uv(2)|L1a — L1

< 102|T)y/ -2

Eyv(on),r~U(0,1)) MK’

N B
E — < 0T\ ——.
Y~U(092),T~U([0,17]) |[L20 — L20| < [02[T']4/ UK
e Fori=11,
d d d 2
o> (> pa,(x)?) =E ((Z Pz, ($)2)2> - <E(Z wxb($)2)>
i=1 i=1 i=1
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then we have,

Ex~v(e)|L11 — L11

gdmw%

e Similarly, for i = 23,

Loz — La3

B
< doRIITly/ -7

Ey~v@a).r~u(o,m)
Hence, we have,

n=1

B (X} Y L (T}, SUD £ (1) — L(u)]

24
< Z Eix v,y ilelg |Lj(u) — Lj(u)l

j=1

3 9 Hi 3 eNK
< o A
< 28\/;max{8,8 } <5|Q||T01 (NK) 109( " )+
HQ % eN 7‘[3 % eM K
6/92|Cs (N) log <7—lz> +6|002||T|C5 (MK) log ( s ))

<|Q||T|\/£+ (2+d)|[2|\/§+ (2+d)|8!2||T|\/£> 7

where C1, Cy, C3 are constants associated with dimensionality d and bound B5.
Hence, for any € > 0, if the number of samples satisfies:

C(d, 2], BYD*W?(D + logWV)) (2)**,
C(d’ |T|7 B)D2fK(Da W)(%)kl’
O(dv |8“Q|v B)fM(Dv W)(%)k27

N
K
M

where:

ki+ ke =249,
fe(D,W) - fur(D,W) = D2W2(D + log(W)).

with restriction fx (D, W) > 1, fp (D, W) > 1, and 9 is arbitrarily small. Then
we have:

B N v M (T K, sup IL(u) — L(u)| < e.
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