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The supplementary material commences in Section [B| by presenting the proofs supporting our
theoretical claims. Section[A]discusses experimental details and shows additional results. Finally,
Section [C]lays out theoretical results of side-interest.

A Additional empirical results

A.1 Description of Task 1

The input data of Task 1 are generated by the following two step procedure:

First, we sample N = 100 points z; € [—1,1]? uniformly at random and assign them a ground truth
label according to the sinusoidal function:

y; = cos(2mw z;(1)) - cos(2mw 2;(1)) € [-1,1],

where w is interpreted as a frequency and we set w € {0.25,0.5,0.75,1.0} in our experiments. The
four resulting functions are visualized in Figure[A.2]

We then determine {z;}}¥ ; by isometrically embedding {2;}}; into R'®. We achieve this by
selecting the first 2 columns R € R?*2 of a random 10 x 10 unitary matrix and setting «; = R z;.
This procedure ensures that the distances between points remains the same in high dimensions.

A.2 Distance to initialization for Task 2

We focus on the image classification CNN trained
with a BCE loss. Figure depicts the distance =

from initialization Hbgt) - bgo ||2 in the last 10 train-
ing epochs.

As explained in Section #.2] when a BCE loss
is utilised, the derivative of the loss becomes un-
bounded which stops Corollary [3] from applying.
Interestingly, Figure [A.T] confirms this by show- 000 02 o0a 0’6

ing that the distance is not an increasing function Corruption rate

of complexity. The reverse phenomenon can be  Figure A.1: Distance to init. with BCE loss.
observed when an MSE loss is utilized (see Fig-

ure [3D)).

A.3 Visualizing linear regions
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Aiming to gain intuition about the behavior of NNs in linear regions close and far the training data,
we take a closer look at the function an MLP is learning when trained to solve task 1 (w = 0.5, 2
hidden layers, N = 200).

Figures [A.3a) and [A.3b] depict, respectively, the real and learned function projected in 2D (recall
that the true function is isometrically embedded in 10D). Blue dots are training data points. The
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Figure A.2: The surface of the sinusoidal function from where the input points are sampled, for
different frequencies w. Sampled points are plotted on top of the surface.
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Figure A.3: Visual illustration of the linear regions (top right) of the trained NN when fitting a
sinusoidal function (top left), together with their local Lipschitz constants (bottom left) and those far
from the training data as predicted by Theorem (bottom right).

boundaries between region are indicated with black lines. As observed, there is a large number of
linear regions of varying sizes with the smaller and more densely packed regions being found close
to the (0,0) point.

The bottom two panels display the local Lipschitz constants (i.e., the magnitude of the gradient within
every region). In Figure[A.3c|we can see the real constants at all regions. Interestingly, it appears that
low- and high-Lipschitz constants are clustered, which likely follows from the hierarchical region
formation process: in other words, regions within the same cluster fall within the same region of a
shallower sub-network and are split by a higher layer.

Figure@distinguishes between regions containing training points (in white) and the rest (in color).
We color empty regions depending on the bound given by Theorem [2]and black regions are those
for which the theorem does not have predictive power. We observe that, though the proposed theory



allows us to make statements about the function behavior far from the training data, the theory does
not explain the global behavior of the NN. This motivates the introduction of Dropout in the analysis
of Section[5.2} by exploiting stochasticity we can infer more properties about the NN complexity
from the training trajectory. Intuitively, using Dropout during a sufficiently long training, one is
able to deduce from the observed bias updates (specifically vector ¢ in Theorem [2)) the Lipschitz
constants within more regions (thus they would also bound the Lipschitz constant within some of the
non-white regions in Fig[A.3d). Moreover, though encountering each and every region in the training
would likely take a very long time, Theorem [2]implies that only a small subset of regions suffice to
approximate the global Lipschitz constant up to a logarithmic factor.

We finally observe that, in the regions were it applies, Theorem 2] yields a bound that is a constant
factor away from the real local Lipschitz constants: the bound overestimates the constants by roughly
a factor of four.

A.4 Total trajectory length

Figure [A.4]displays the length of the entire normalized bias trajectory at every point in the training.
Thus, Figure[A.4]corresponds to the integral of Figures[2b]and [2e] which focus on the length of the
normalized bias trajectory within every epoch. We note also that all NNs have been trained until they
could closely fit the training set.
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Figure A.4: Length of the normalized trajectory at every pointing in the training starting from
initialization. As expected, the trajectory length of NNs grows with the complexity of the function
they are learning.

A side-by-side comparison with Figures [2a] and 2d|reveals that, between any two NNs that have fitted
the training data equally well, the one that implements a higher complexity function has consistently
a longer trajectory.

A.5 Effect of architecture on bias trajectory

We next evaluate the effect of the NN architecture on the optimization trajectory. We focus on the
MNIST dataset [[1] and train an MLP and a CNN to distinguish between digits ‘3’ and ‘6’ based
on a training set consisting of 100 and 1000 images per class. For consistency with the previous
experiments, we used the same NN architectures for the MLP and CNN as those employed for Tasks
1 and 2, respectively (though both NNs now feature a sigmoid activation in the last layer). The
networks are trained using SGD with a BCE loss and a learning rate of o; = 0.002.

Figure[A.5]depicts the training loss, normalized bias trajectory length, and test loss for each dataset.
Note that, in contrast to Figure [2| here all three measures are computed over time-intervals of 100
iterations (rather than per epoch). As expected, when the training set is small, both architectures fit
the training data equally well after roughly 20k iterations, but the CNN overfits less. By observing the
length of the bias trajectory, we deduce that the MLP is learning a more complex function than the
CNN. Thus, in the MNIST100 case, there is a correlation between trajectory length and generalization
with the NN architecture that is more appropriate for the task exhibiting a shorter trajectory.

It is important to remark that the complexity of the learned function is not the sole factor driving
generalization (though it is can be a crucial factor all other things being equal). Convolutional layers
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Figure A.5: Training and test behavior of a and a CNN solving a binary MNIST image

classification task with different number of samples (100 and 1000 images per class). All three
measures (training loss, bias trajectory length, and test loss) are plotted at intervals of 100 iterations.

are indeed more constrained and better suited to image data than fully convolutional ones — thus it
is reasonable to expect better generalization than MLPs. Nevertheless, our experiment shows that
the CNN, beyond having the right architecture for the task, also learns a slightly lower complexity
function than the MLP while fitting the training data equally well or better. Thus, here we mainly
use the bias trajectory length as a diagnostic tool that helps us understand what functions the two
architectures are learning.

A.6 Effect of batch size on bias trajectory

This experiment investigates the effect of different batch sizes on the bias trajectory. We adopt the
same setup as that of Task 1 (specifically w = 0.25 and 0.75 in Figure[A.6) and train NNs with SGD
using batch sizes of 16 and 32, whereas our original experiment used a batch size of 1.
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Figure A.6: Training and test behavior of MLPs using different batch size (16 and 32) and evaluated
on data sampled from two different frequencies (w =0.25 and 0.75 in Task 1). All three measures
(training loss, bias trajectory length, and test loss) are plotted at intervals of 100 iterations. The
trajectory length correlates with the NN’s complexity for different batch sizes.

The results are consistent with those of Figure[2] with a longer bias trajectory indicating that the NN
is fitting a more complex hypothesis and correlating with higher test loss. Increasing the batch size
from 1 to 32 also leads to a slight increase in trajectory length, though we currently lack mathematical
evidence that support this empirical observation.
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Figure A.7: Illustration of how the biases of all layers change when training a MLP to fit a function
of increasing spatial frequency. Sub-figures (a) and (c) show the behavior of the training and test loss,
whereas sub-figures (b) and (d-g) depict the per epoch bias trajectory.

A.7 The trajectory of higher layer biases

Our last experiment examines the training dynamics associated with the biased of higher layers. We
focus on Task 1 and replicate the experiment described in Section[6} but now we track the normalized
bias trajectory length of all biases and optimize W freely.

Figure[A.7]reports the obtained results. It can be observed that the bias dynamics correlate with task
complexity for the first three layers, while being uncorrelated for the last two. To interpret these
results, we recall that in the proof of Lemma [I] the trajectory length of b relates to the Lipschitz
constant of subnetwork fy. ;41 = fq0--- 0 fi+1 close to the training data. Then, noticing how
the trajectory length decays by almost an order of magnitude at each layer, we may infer that the
Lipschitz constant of fy. ;11 decays quickly with /. The latter implies that the NN predominantly
employs the first few layers to solve the task, whereas the last two layers implement very simple
functions.

B Deferred technical arguments

B.1 A simple Lemma

Lemma 1. Let f) be a d-layer NN at the t-th SGD iteration, denote by =) € X the point of the
training set sampled at that iteration, and set

20(9,y)

o5 (D

€r() (x,y) == ‘ :
=10 ()

The Lipschitz constant of f®) at R is

1B — {2
ap - €pn (@, y®)

65 — b,
ap - €pn (x2®,y®)

con (W) < Ao (Ryw) < o1 (W),

where ol(Wl(t)) > > an(Wl(t)) > 0 are the singular values ofot).
Let us start with some basics. By the chain rule, we have

oU(f(x®, w®),41) - (3, y®) . Of (x® w®)

Ow® o] Ow®




with = f(x® w®)), whereas the gradient w.r.t. the bias of the /-th layer is given by
T
07(@?.w)
( o =5 @)W S @)W S ).
1

Note that the above equation abuses notation for the last layer activation Sét) (x®). Specifically,
depending on whether we are using an identity or sigmoid activation function in the last layer, we set

@) =1 or sPE) =u(W (1l oo @) +87). @
where ¥(z) = 8pgz(z) = 1+i*z . (1 - 1+i,z>.
Part 1. Define the following shorthand notation:

ag(f(w(t)7 w(t)), y(t))
( b, )

T

— ﬁl(:c(t))

2

It follows from definition that

(t)
Bi(z®) = %S&t)( Oyw ... s (z® )W(t)S(a:(t))
2
() I+1
:‘(% Y ‘H( )(w(t))Wi(t)>Sl(t)(w(t))
i=d 2
or equivalently,

TT «® 0 ® ) o0 oy |20y [ Bi(z™)
[sew?)siw] = [F52] -0 o

Part 2. We are interested in upper bounding the Lipschitz constant A ;) of the NN close to the
training data X.

First observe that f(x,w) = fq2 o f1(x), where we set
fa2(@,w) = fao fa—10-- 0 fo(x, w)

Let R, be the region associated with point 2(*) and R the region of the NN f 522

77 (@®)
associated with point fl(t) (a:(t)). The Lipschitz constants of f 522 and f(®) are related as follows:

)\f(gt&Q (Rfl(t)(m(t))) . an(Wl(t)) < )\f(t) (Rpw) < )\f{g22 (Rfl(t)(m(t))) . Ul(Wl(t))7 4)
whereas

gl(w(t))

Aaca(R er (D, y®)’ o)

(= )

(H S(t) (t))W(t)> S(t) ((B(t)) _
2

l=d

Combining @) with (3]), we obtain

b1 (m(t))

Bi(z™) (t)
) . |4%
e (zt),y™) 7 W)

, ®) —
(W) < Ao (Rae) < 0,0

IN

Part 3. Re-organizing the SGD expression and taking the norm, we have

DU f (), w=0),y®) ) '

& Y

Bi(a) = ( @ ) Ilb*“ by l>-
8bl

2
implying also

1B — {5 50+ — b,

an (W) < X iy (Ren) < o (W),

ar - ep (x®,y®) ap - €5 (x®, y1)

as claimed.



B.2 Proof of Theorem[Il

The proof of the theorem follows directly from Lemma [I|by summing over the training trajectory:
68"~ 07> remmam

Z Arer (Ra) Lem;nalI]Z o Z Ao (Ra)
o, (W) T S aveo(@b,y®) T L (wY)

B.3 Proof of Corollary/]
For any point & with label y and iteration ¢t € T', we say that condition ¢; () holds if

t+1 t
650 =5 < @ g (@)
The above is the same condition as in the corollary statement but applied to an arbitrary point a.

Write «; to refer to the number of training points ; € X for which ¢;(x;) holds: clearly, ; € [0, N],
where N is the size of the training set.

We also suppose that there are ¢ iterations within 7" for which x; < N: these are the iterations where
the Lipschitz constant is larger than Sy for at least one point in the training set.

Since we sample (%) i.i.d. from X, the probability that ct(m(t)) is satisfied for every ¢ € T is at most
_ 3 3
Hﬁg 7]\/‘ ! = 1_i < e ¢/N,
N N N
teT

By noting that above corresponds to the probability that the NN is (7, ¢)-steady, we deduce that £
cannot grow with |T'| (otherwise, the probability that the NN is (7, )-steady would become zero as
|T'| — oo, which contradicts the corollary assumptions).

To complete the derivation, we note that if we select the iteration ¢ at random from 7', the probability
that there will be some x; € X for which ¢;(x;) is not satisfied is £/|T| = O(1/|T|), which
converges to 0 as |T'| grows.

B.4 Proof of Corollary[2|

We consider the interval T = {t; + 1,..., {2} and fix

b(t)

. t

by = argmingez. 3 )7~ blE =3 7
teT teT

to be the average bias. Working as in the proof of Theorem (1} we deduce

||b(1t+1) _ bgt)”2 - Z at)\f(t) (Rw(t))'

e Ef(t) (:B(t)7y(t)) - = Jl(Wl(t))

We then proceed to upper bound the trajectory length studied in Theorem|T]in terms of the (empirical)
variance of the bias:

2 2
3 6 — b2\ _ 3 6 — bulla + 1165 — bal
7 (1:(”7 y(t)) - €f(t) (gg(t), y(t))

teT

2
< (Z € (w(”,y“’)‘2> (Z(bit“) = bill> + [[6” ~ bal]2) )

teT teT

(From Cauchy’s inequality)
<> ero @,y )23 261 < b3+ 57 - bil3)

teT teT
(since (a + b)? < 2(a® + b?))

t2
<4d e @D,y )2 b — by
teT t=t1



or, equivalently,

an“) billg 1 an(‘“ ~ 5l ! ©
© 9)) Sier e (@0,y0)2

t=t, €5 (@), y

Thus, we have

2 (t) 2 2
b b s A (R I
E 7H 1 1llz >0.25 atvg tAseol (t)( ) 7 T . @)
= T t=t1 g1 (W}") 2ter 0 @0, y)2

The proof concludes by noticing that the right-most term corresponds to a harmonic mean of
e (@, y®) overt € T.

B.5 Proof of Corollary[3|

Suppose that we train our NN for 7 iterations and set 7" = {0, ..., 7—1}. The distance to initialization
is bounded by
(t+1) (t)
(™ 10 (t41) () [bi 7 —bi"|2 ® ()
677 = b7 [|2 < E 12} —by'll2 = E : Ef(f) (x® y(t)) Efm(ac Y ).

teT teT
We obtain the final expression by arguing as in the proof of Theorem [I|to write:

(L) _ (0
161 2

ar €0 (2D, YN o) (R
e<>( (t),y(t))<z tof f x®)

ter €F® (@), y(t)) ler an( 1(t))

B.6 Proof of Theorem 2|

We will start by proving the following Lemma:

Lemma 2. Let Ry, be a linear region of f*) and suppose that there exists a vector a € RIT! such
that

1 1
IT 189 @0Gi) = > atk) - [T 18 @™ (i, ir) (8)
=d— =d—

I=d—1 keT l=d—1
for all indices {i;}1=1,... a—1, withi; € {1,...,n;}. Then, W is Lipschitz continuous within R4
and its Lipschitz constant is at most

S(f)
)\f(t)( 1+’7 kZ| ‘S’(t((k))|)|)\f(k)(Rw(k)),
er
with
Opa(x
Sst)(z) — p;( ) ) (9)
T w9 (50, 000 () 45

Proof. The gradient of a network f(*) at at point « is simply

(t)(m)

1
ViO@) = [[ 8 @wW,® = W H SO (@)W .

I=d I=d—1
Term ¢ () can be expanded as follows:

1
q(t Z W(f) 1,iq-1 [ H
l=d—

’Ldll 1

(t) (t)] (ig_1,7)



Nd—1

S ZW (1ig_1) - [S (@) (ir,i1) W (41, 1)

iqg—1=1 i1=1

Thus, under the main Lemma condition it is also true that

Nd—1

¢(@)=) alk)-| > - Z W (1) - [SP @) (i1, i) W (i, 2)
keT ig—1=1 i1=1
Nd—1 ny
=N atk)- | S Y WL ig) - [S @) (i1, i) W (i, )
keT 1g—1=1 11=1
_ Z (t) (k))7

keT

Note that in the second step above we have used Assumption [I] to argue that the training point
activation patterns do not change within 7'.

The above analysis implies that

Ao (Ra) = 188 (@) llg® @)]l2 = 1S @)1 Y alk) - D (z*)]
keT
<18(@) Y lla(k) - ¢ (@®)]
keT
S(t)
= Z la( # A (Ryp)
= (@)
15 (a)|
<1+ Z\ 7'>\f(k)(Rw(k))
= 1S9 ()]

with the 3rd step being true due to the triangle inequality and the 5th follows from Assumption[I} [J

The proof continues by realizing that, for every index set ¢4_1, - - - , 41 there exists an entry ¢ such that
1

1
(R 5@, )= [ 187 @) ).

I=d—1 l=d—1
Therefore, condition (8] is equivalent to asserting that
1

® dlag( ) = Za(k)- ® diag(ﬂsl(k)(m(k)))
—d—

1 keT l=d—1

= Z a(k) - si(x®) = Sra.

keT

l

Let us focus on |Sc(lt)(sc)| / |Sc(lt)(sc(k))|. When there is no activation in the last layer, the term is
trivially £ = 1. We next derive an upper bound to also account for the sigmoid activation: To do this,

set z = Wét)( () o fi9(x )) + bﬁﬁ such that

S((it)(m) =v(e) with y(e) = apad,i 2 - 1—1—16*2 ' (1 - l-l-leZ)

Function 1) takes its maximum value for z = 0, with ¢(z) < ¢(0) = 0.25. We notice that ) is
symmetric around 0 and monotonically decreasing on either side. Its minimum is thus given when |z|

is as large as possible. However, since our classifier’s output is bounded in f(!) () € [pr, 1 — pr)
for all points seen within 7, we have |z| < log(1/pur — 1) and thus

|Sff)(a:(k))| > Y(log(1/pr — 1)) = pr(l — pr).



Allin all, we get |S\” (z)|/|S) (2™)] < 0.25/(ur (1 — pr)) = &
We then rely on Lemmal|I]to upper bound each local Lipschitz constant in terms of the bias update:

B8 — B, B8 — B,

o (W), <

s (Rapy) < (10)

Qi € (k) (x®), yk)) QA € f(k) (x®), y(R))’

matching the claim of the theorem.

B.7 Proof of Theorem[3
We repeat the theorem statement here for easy reference:

Theorem 3. Let f) be a depth d NN with ReLU activations being trained with SGD, a BCE loss
and /2-Dropout.
Suppose that f®) is (1, p)-steady and that for every t > T the following hold: (a) Assumption|l} (b)
se(@) < SN sel@:) for every x € X, (c) oy (Wi) < B, and (d) FO(xD) € [, 1 — pi.
Define
mind, 1= 2fO@)| - (1+4) (1 +o(1)

ey log (S m) (L= 1) Pin

where Dpin = Miljcqi<n, t>7[AV8zcx diag(Sl(t) (x))]; > 0 is the minimum frequency that any
neuron is active before Dropout is applied.

T't(X) =

For any § > 0, with probability at least 1 — 6 over the Dropout and the training set sampling, the
generalization error is at most

|er:mp _ er:xp| < \/410g(2)N(X§£27;\§X)) + 2log (1/5)7

where N'(X; £a, 1) is the minimal number of €2-balls of radius v needed to cover X.

The proof consists of two parts. First, Lemma 3|provides a bound on the global Lipschitz constant of a
NN trained with Dropout as a function of the bias updates observed during a sufficiently long training.
Then, LemmaE] uses techniques from the robustness framework [2, 3] to derive a generalization
bound.

B.7.1 The global Lipschitz constant

We prove the following:

Lemma 3. In the setting of Theorem|2| suppose that the network is trained using /2-Dropout and
) ) the probability that the neurons in layer | are active (before

denote by p; = avg, ¢ x diag (Sl(t) (x
Dropout is applied). The global Lipschitz constant of f) is with high probability

a1
Ao < clog (Z ”l) o lo = )‘jctfgdy

=1

Jorc=(147)BE(1+ 0(1))/pmin, whenever |T| = Q (% Zldz_ll nl>, With Pumin and Dy, being the
minimum and average entry over all p;, respectively.

The inequality provided above is unexpectedly tight: combining A sty > A pct) (Roe)) with Lemma
we can deduce that

Ao S NTY < Aper O(log(dn)),

where we have assumed that ¢/, (W7) = O(1) and n; = n forall I < d.

Proof. Let x be a point within a region where f(*) assumes its maximum gradient norm.

The activation S7(:,t) = &,(x*)) at the ¢-th SGD iteration is obtained by a two step procedure:

10



1. Sample a point ) from X with replacement. Let s;(z®) = ®,_,_; si..(x®) be its

activation pattern (before dropout), where s, ;(z®)) := diag (Sl(t) (w(t))) )

2. Construct §;(x®) by setting each neuron activation to zero with probability 0.5. Specifically,
5 (x®) = ®)_,_1 (210 8.4(x)), where z; € {0,1}™ is a random binary vector.

Let S be a binary matrix containing neuron activations as columns. We introduce the following
definitions:

* We call S a covering set if S1 > 1 with the inequality taken element-wise.
» We call S a basis of s;(x) if S1 = s;(x).

Our proof hinges on two observations:

Observation 1. Every basis yields a bound on the Lipschitz constant of f(*) (this can be seen
from the proof of Theorem2)). Specifically, for any k training points &1, . .. , &} whose activations
S = [s¢(x1), ..., 8:(xy)] is a basis of s(x), we have

k
k
Ao (Re) <€D A jw(Re,) < k€ max A s (Ra,).
=1

155" ()]

> 12a (@)
where £ > 150 ()]

accounts for the sigmoid.

Thus, if we don’t use dropout and within the columns of St there exist & that form a basis of s;(x),
then this also implies that the global Lipschitz constant will be bounded by

B — bl
: < PENTORTO)
Ao (Re) < RELH)8 max = 2®, yi0)”

where, in an identical fashion to Theorem [2] the 1 4~y factor is added due to Assumption|I]in order to
account for f(*) not having completely converged, and we have also used Lemma |1|and the uniform
bound ||[W" |, < 8.

Observation 2. Let us consider the effect of Dropout. Suppose that S does not contain a basis of
si(x) = ®11: 4_1 St,i(x), but there exist a set of columns S that is a covering set (as we will see,
this is a much easier condition to satisfy). Denote by S the same matrix after the Dropout sampling.
Then, with some strictly positive probability, S can become a basis.

Claim 1. For any k training points @1, . . . , @), whose activations S = [s¢(x1), ..., s¢(xg)] form a
covering set, there must exist Q = [qu, . . ., qi] with q; = ®11:d71 qi;and q;; < sy (x;) (i.e., that
Dropout can sample) such that Q is a basis of s¢(x).

Proof. To deduce this fact, we notice that since

k k 1 1 k 1
Ya=> Qai=Q ( qz«,l> and  s(z) = (X) siu(),

i=11l=d—-1 l=d—1 \i= l=d—-1

to ensure that @ is a basis we need to show that, for every [, there exists [q1 ;- - - qu] with g;; <

s¢,1(x;) such that Zle gi; = sy, (x). The latter can always be satisfied when Zle sy i(x) > 1.
When S is a covering set we have

Eoo1 1
S1=3 @ sul@) = @ S su@) =1
i=1l=d—1 l=d—1 i=1
which also implies Zle s¢1(x;) > 1 as needed. O

To obtain an upper bound for the Lipschitz constant of f(*), our strategy will entail lower bounding
the probability that such a basis of s;(x) will be seen within 7.
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Consider any k training points x1,...,x; sampled with replacement from X and let S =
[si(@1), ..., s:(xk)] be the corresponding (random) matrix of neural activations. Further, denote by
Peover(S) the probability that S is a covering set.

The probability ppasis(ST) that S contains a basis of s¢(x) is given by
Doasis(ST) =1 —P (S'T does not contain a basis)
L
>1- H P(S’T(:7 (p— 1)k +1:pk)isnot abasis)

p=1
For every S’T(:, (p — D)k + 1 : pk) we have:
P(S’T(:, (p—1Dk+1:pk)isa basis) =P (S’ isa basis)

=P (S‘ is a basis | S is a covering set) P(S is a covering set)

=P (S’ is a basis | S is a covering set) Deover(S).

By Observation 2, if S is a covering set then there must exist gq; = ®11:d_1 qii1(x;) < si(x;) =

®l1:d71 s¢i(x;), such that Q@ = [qu, . . ., qx] is a basis of s;(x).

We proceed to compute the probability that the activation pattern sampled by Dropout §;(x;) =

®z2:d<zi,l o sy(x;)), where z;; are random binary vectors, is a basis of si(x®) dueto S = Q:
P (S’ is a basis | S is a covering set) =P (S’ = Q)

Si(x;) =q;fori=1,...,k)

I
=R
"U
If
33
I
)

)

1 1
P<® zleStlwz ®Qi,l>
I=d

1 l=d—1

&
Il
_

|
=

-
Il
_

Il
,’:]w

s
Il
-

=

1
H P Zzlostl(mz)_qzl)
d—1

1

S D DD D LIIC 2] [ ’

';:]»

&
Il
-
~
I

L ol lm)ul

where the second to last step is a consequence of Dropout with probability 0.5 sampling for each
layer uniformly at random from the set of all possible neuron activation patterns that can obtained by
disabling some neurons of s; ;(x;).

Term Zle lequ |ls¢,i(x;)]|1 can be seen as the sum of k independent samples, each having

mean m = avgycx lezd_l Is¢i(z)]]1 and maximum value ¢ = maxgex lezd_l lIse ().
Hoeffding’s inequality yields
2 k252
+ k5> < exp ( e )

(Z S llsea(z |1>E[Z S st
implying also thatP(Q_ T Bicaon lsi@ill o 9= (kuty ’“/20)> < 1/e. Thus,

i=1l=d—-1 i=1l=d—-1

P (5’ is a basis | S is a covering set)

=P (S’ is a basis | S is a covering set, 2™ Sini Tima lser@ally > 27”) P (2_ S Bicaa lsea@lh o Q*h)
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P (5’ is a basis | S is a covering set, 2™ Tin ima Ise@all o 2*h) P (2_ i Bimaa lsea@alln o 2*h)
>P (5’ is a basis | S is a covering set, 2~ it Dima-t llsea(@i)lly > 2”1) P (2’ ict Dica-t llsea(@i)lly < 2’h)
> 2—(k,u+c\/k/2) (1 _ 1/6) > 2—(ku—i-c\/k/2—‘,-1)7

where the first step employs the law of total probability. We therefore deduce that

(5) L
pcover ’
asis S 2 ]- - - —

Po ( T) (Q(ku-‘rc k/2+1))

m Peover (S)
—1_ 2([ k Jlog2(2(k“+u ’r/2+1)>>

|T]
L 2 (m 10g2(1/17cov8r(s))>

)

which is satisfied with high probability when

|T|:Q<k(ku+c\/m+1)> :Q<k’2u+nks/2>

log (1/peover(S)) — log peover(S)

The final step of the proof entails bounding 1 and peover(S). We will think of neuron 4 at layer [ as a
(dependent) Bernoulli random variable with activation probability pl( ). The probability that neuron

i in layer [ is not activated within k independent trials is (1 — p;(7))*. Taking a union bound over all
neurons in all layers, results in:

d—1ni-1 d—1 ny k
pcover(S)Zl_ZZ(l—pl _1—22(1_ pl )
=1 =1 =1 =1

> I—Zexp (=kpi(3)

d—1
>1—exp (—kpmm + log (Z nz))
=1

with pyi, = ming ; p;(¢). On the other hand, the average norm is given by

m= anZ”Stl W = Z Z D e 1[3tl( x)|(i)

rzeX
d 1 ng

- ZZ zex| stl ()] (1)

=1 1i=1

-1 ng d—1
= Z Zpl(l) = <Z nl) Pavg-
=1

=1 1i=1

The number of iterations we thus need to obtain a high probability bound is thus
B2 (205 ) P+ (320 ) /2
- IOg (1 — exXp <_kpmin + IOg (Z;l;ll nl)))

If we select k = (1 + o(1)) log (Zld;ll m) /Dmins We obtain

Tl =0 (1+o(1))log(27;11 nl) 2<d§m> . (dz—:lm> (1+o(1))10g(27;11 nl)
=1 =1

T| =

3/2

DPmin DPmin
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. 1\2/%! d—1 1 \3/2 /(41 »
=0 ( ) an Davg + an ( ) =0 Zm % 5
Pmin =1 I—1 Pmin =1 Dinin

where the asymptotic notation hides logarithmic factors.
The final Lipschitz constant is obtained by plugging in the bound of Observation 1 the value
k= (1+ o(1)) log () ) /P

O

B.7.2 Generalization

We prove the following:

Lemma 4. In the setting of Lemma suppose that the NN ) has been trained using a BCE loss
and a sigmoid activation in the last layer, let g (z) = 1 [f(t) (z)) > 0.5] € {0,1} the classifier’s
output, and define

min’_, |f®(x;) — 0.5]

Tt(X) = oun ’
2A§(t)d
where Ay < )\?f;‘fg’d with probability at least 1 — o(1). For any 6 > 0, with probability at least

1—46—o0(1), we have

(g“)(wi),yi)‘ < \/410g(2)N(X;€27rt(X)) +2log (1/4)

‘E(m’y) [er(g(t)(w),y)} — aj\\fger 5 ,

=1

where er(§,y) = 1[§ # y| is the classification error and N (X; s, 1) is the minimal number of
£o-balls of radius r needed to cover the input domain X.

Proof. For convenience, we drop the iteration index.

Following Xu and Mannor [2]], we define the input margin -; of classifier g at x; to be
vi = sup{a: Ve, & — x4z < a, g(x) = g(x:)},

which is the distance (in input space) to the classification boundary. For completeness, we also repeat
the definition of a robust classifier:

Definition 1 (Adapted from Definition 2 [2]]). Classifier g is (K, €)-robust if X x ) can be partitioned
into K disjoint sets, denoted as C}_,, such thatVi =1--- | N,

(@i,9i), (®,y) € C, = ler(g(@i), yi) —er(g(z),y)| < e

Denote by x a point with ||z} — x;||2 = ; with g(x}) = g(x;) and notice that f(x}) = 0.5 (due
to the definition g(x) = 1[f(x) > 0.5]). We use the argument of Sokolié et al. [3] and bound the
input margin as follows:

o W) = f@D)ll2 _ [[f(zi) =052 _ [If(2:) = 0.5]|2
— )‘f )‘f — )\l}ound ’

i (1)

with probability at least 1 — o(1). From Example 1 in [2] we then deduce that ¢ is
(2N(2X,5,7¢(X)), 0)-robust for

) — N .
_ @) —05ls _ N 5

Tt(X) 2)\/}0»411[1 - %=1 2

Theorem 3 [2] implies that if g is (K, 0)-robust then, for any 6 > 0, the following holds:

N 2log(2) K + 2log (1/0

E(z) [er(g(z), y)] —avger(g(wi),yi) S\/ @) ~ (1/ ), (12)
1=

with probability at least 1 — §. We obtain the final bound by substituting K = 2N (2X, fo, (X))

and taking a union bound on the events that inequalities and do not occur. O
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C Additional theoretical results

C.1 Generalization of Lemma [I|to any element-wise activation function

Lemma 5. Let f) be a d-layer NN with arbitrary activation functions at the t-th SGD iteration,
demote by ) € X the point of the training set sampled at that iteration, and set

oL(o,y)

oo (@) = ‘ o, (13)

o= (@)
The Lipschitz constant of f®) at 2V is

65 — b,
a; - e (20, yO)

B — b2

Un(Wl(t)) < )\f(t) (w(t)) < Ul(Wl(t))y

;- e (20, y®) ’
where oy (Wl(t)) > > O‘n(Wl(t)) > 0 are the singular values of Wl(t).

Proof. The proof proceeds almost identically with that of Lemmal[I] The main difference is that the
diagonal matrix S l(t) (a:(t)) is redefined to yield the appropriate derivative for the activation function

in question. Further, since now the function is not piece-wise linear, the bound only holds for (*)
(and not for the entire region R+ enclosing the point, as before). O

C.2 The Lipschitz constant of the first layer
The behavior of SGD can also be indicative of the Lipschitz constant of the first layer when the
training data is sufficiently diverse and the training has converged:
Lemma 6. Let f*) be a d-layer NN trained by SGD, let Assumption hold, and further and suppose
that after iteration T, we have
w3 - Wy
B8 =i

216y <9 and W — Wl(t,)Hg <pB foral t,t'>r.

Denote by 6 the minimal scalar such that, for every x € X, we have ||x — x;||2 < § for some x; € X.
Then,

J+
Mo < 150 (14)
under the condition § < 1.
Proof. The weight matrix gradient is at a point x is
ofw,w))
,w (t) (t) (t) () ) g(®)
———n | = ha@w?) Wi S (@)W S (@)
t +1 I+1
( ow," )
Fixing
T T~
O (@®, w®), y®) o w0y |
o’ ol :
2 2
we have that
oU(f (™, w"),y )\ | _ = [ s, w )| oL y Y w00 (0. W g0 (z0)
6VVl(t) d l+1 l

[ fa(@®. ) <8f<f(m<t>,w<t>>,y<t>>>T
= ||fi-1(x*,w 7
’ ob)", 2
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which implies

HfH(w(”,w(”)H < a(z®). (15)

f—
Let * = argmax,cs

’S;t) (:c)Wl(t):cH and fix (") to be the point in the training set that is
2
closest to it (sampled at iteration t' > 7).

)\fl(t) _ "S{t)(m*)wl(t)w*

<o

B ———")

By the main assumption, we can bound the rightmost term by ||z* — 2(®")|| A

y < 5/\f(t). We thus
get '

i

Ao = 8@ w|| < |81 @ W)

i

< H‘Sit)(x(t,))wl(t/)m(t,) ‘2 n HWI(t') _ Wl(t)

2+6)\f1(t)

|+ 168+ [ - W

—

< Hsgt’)(x(t'))wl(t)w(t/ i bgt/)

2+5)\f1(t)

= 0a(@) + 60" o + [ Wi = WO|| +5A 0

<o+ wa{) —w o

+oA
2

where, due to Assumption 1, SY/) () = S%t) ((*)). The final bound is obtained re-arrangement

and by the convergence assumption HWl(t/) — Wl(t) <B. O]
2
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