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Abstract

We investigate the convergence and convergence rate of stochastic training algorithms for
Neural Networks (NNs) that have been inspired by Dropout (Hinton et al., 2012). With the
goal of avoiding overfitting during training in NNs, dropout algorithms consist in practice of
multiplying the weight matrices of a NN componentwise by independently drawn random
matrices with {0, 1}-valued entries during each iteration of Stochastic Gradient Descent
(SGD). This paper presents a probability theoretical proof that for fully-connected NNs
with differentiable, polynomially bounded activation functions, if we project the weights
onto a compact set when using a dropout algorithm, then the weights of the NN converge to
a unique stationary point of a projected system of Ordinary Differential Equations (ODEs).

After this general convergence guarantee, we go on to investigate the convergence rate
of dropout. Firstly, we obtain generic sample complexity bounds for finding e-stationary
points of smooth nonconvex functions using SGD with dropout that explicitly depend on
the dropout probability. Secondly, we obtain an upper bound on the rate of convergence
of Gradient Descent (GD) on the limiting ODEs of dropout algorithms for NNs with the
shape of an arborescence of arbitrary depth and with linear activation functions. The latter
bound shows that for an algorithm such as Dropout or Dropconnect(Wan et al., 2013), the
convergence rate can be impaired exponentially by the depth of the arborescence.

In contrast, we experimentally observe no such dependence for wide NNs with just
a few dropout layers. We also provide a heuristic argument for this observation. Our
results suggest that there is a change of scale of the effect of the dropout probability in the
convergence rate that depends on the relative size of the width of the NN compared to its
depth.
Keywords:  dropout, convergence, neural networks, stochastic approximation, ODE
method

1. Introduction

Dropout (Hinton et al., 2012) is a technique to avoid overfitting during training of NNs
that consists of temporarily ‘dropping’ nodes of the network independently at each step of
SGD. While in the original Dropout algorithm in Hinton et al. (2012) only nodes from the
network were dropped, several stochastic training algorithms that avoid overfitting in NNs
have appeared since then; for example, Dropconnect (Wan et al., 2013), Cutout (DeVries and
Taylor, 2017). Figure 1 depicts a NN where we use Dropconnect and drop individual edges
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instead of nodes. In practice, such dropout algorithms consist of multiplying component-
wise weight matrices of the NN in each iteration by independently drawn random matrices
with {0, 1}-valued entries. The elements of these random matrices indicate whether each
individual edge or node is filtered (0) or is not filtered (1) during a training step. The
resulting weight matrices are then used in the backpropagation algorithm for computing the
gradient of a NN. Mathematically, dropout turns the backpropagation algorithm into a step
of a SGD in which the primary source of randomness is the NN’s configuration. Under mild
independence assumptions, the loss function of dropout is a risk function averaged over all
possible NNs configurations (Baldi and Sadowski, 2013).
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(b) Case p = 0.25. (c) An arborescence.

Figure 1: (a,b) Dropconnect’s training step (Wan et al., 2013) in a NN with L = 3 layers.
In this algorithm, on every iteration, a random NN is first generated by removing each edge
with probability p € (0, 1] independently of all other edges. The output of this random NN
is then used to update all weights using the backpropagation algorithm. (¢) An example
arborescence of depth L = 3.

An interesting aspect of dropout algorithms is that they lie at the intersection of stochas-
tic optimization and percolation theory, which investigates properties related to connected-
ness of random graphs and deterministic (possibly infinite) graphs in which vertices and
edges are deleted at random. In the case of dropout, the output of the filtered NN with
temporarily deleted edges is used to update the weights. If dropout filters too many weights,
then little information about the input can pass through the network, which will conse-
quently also yield a gradient update for that step that contains little relevant information.

As an example, we may consider again the networks in Figures 1 (a)—(b) when we use
Dropconnect, that is, we filter each edge with probability 1 — p independently of all other
edges. We can observe that the number of paths y in Figure 1 (b) that fully transverse the
network (x = 5) is much smaller compared to those of Figure 1 (a) (xy = 240). In a NN
with no biases and L dropout layers, a path from the input layer to the output goes through
L weights that have filters. Then, the probability that a path from input to output stays
unfiltered and contributes to a weight update is p”. If we now fix one edge in the path,
then the probability of updating its corresponding weight through that path in particular
is also p”. There are, however, many other paths in a NN passing through a single edge.
The probability that one of those paths is not filtered will be large and may compensate the
exponential factor p’. Considering the connection to bond percolation, one may therefore
suspect that dropout algorithms may perform worse than a routine implementation of the
backpropagation algorithm. However, dropout algorithms usually perform well since they
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avoid overfitting in NNs (Hinton et al., 2012; Srivastava et al., 2014). From the point of
view of bond percolation however, this should still come at the cost of slower convergence
of dropout algorithms, and conceivably by as much as a factor p”, where L is the number
of dropout layers.

Most theoretical focus has been on the generalization properties of NNs trained with
dropout algorithms. We can mention Hinton et al. (2012); Baldi and Sadowski (2013);
Wager et al. (2013); Srivastava et al. (2014); Baldi and Sadowski (2014); Cavazza et al.
(2018); Mianjy et al. (2018); Mianjy and Arora (2019); Pal et al. (2020); Wei et al. (2020),
which we briefly review in Section 1.3. In this paper, however, we investigate dropout from
the stochastic optimization perspective. That is, we aim to answer if dropout algorithms
converge and study the rate at which they converge, which is expected to depend on the
dropout probability. Compared to the study of the generalization properties of dropout,
this aim has received less attention in the literature. In particular, we can only mention
Mianjy and Arora (2020) and Senen-Cerda and Sanders (2022). In Mianjy and Arora (2020),
a convergence rate for the test error in a classification setting is obtained when training
shallow NNs with dropout. This rate, is, however, independent of the dropout probability.
In Senen-Cerda and Sanders (2022), a convergence rate for the empirical risk associated
with training shallow linear NNs with dropout is obtained that depends on the dropout
probability. Both results refer to shallow NNs where the width of the NN plays a role in the
convergence rate. We refer to Section 1.3 below for further details.

From the previous discussion, however, we suspect that there is an effect of dropout in
the convergence rate in deep NNs with several layers of dropout. In this paper, we investigate
this problem. In particular, we provide convergence guarantees for training NNs that have
several layers of dropout and analyze simplified models for deep NNs, for which it is possible
to obtain an explicit convergence rate that depends on the dropout probability and depth.
We also consider the effect on the sample complexity of using dropout SGD and complement
the previous results with simulations on realistic NNs to examine the convergence rate of
dropout empirically.

Before introducing the results of the paper we briefly define the fundamental concepts
related to training of NNs with dropout that we will use throughout this paper.

1.1 Dropout and SGD

A NN Uy : X — Y with weights W is typically used to predict output Y € ) given
input X € X both of which are sampled from some joint distribution. For a given loss
[:Y xY — R, the risk function of Wy is usually defined as

Uw) & / (W (), ) dB[(X,Y) = (,9)] 1)

where the distribution is usually given by the empirical distribution of a finite number of
samples {(z,yi)}; € X x V. In this case, the risk is an empirical risk.

Ideally, the NN is operated using weights in the set argminy U(W). However, the
weights are found in practice by using gradient descent or its stochastic variant SGD, which
aims to minimize the risk in (1) by updating the weights in the local direction that minimizes
the function. At time ¢, the weights W of the NN are namely updated by setting

Wit — ppld _ fer1y Al 2)
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Here, At is a stochastic estimate of the gradient of (1) and ottt} ig a step size which
we will specify later. Let By (X,Y) be the gradient at W of (1). If the input and output
samples X1 Y+ are provided at time ¢, then the update of SGD is given by

A[t+1] — Bw[t] (X[t+1], Y[t+1]) (3)

As we have mentioned, dropout filters are applied to some of the weights W during
training by using matrices of random variables F' with {0, 1}-valued entries. Denote by
Fl+1] - x4y I+ the dropout filters and the samples provided to the SGD algorithm
at time ¢, respectively. Compared to (3), a dropout algorithm defines the estimate of the
gradient update as

A[tJrl} A F[t+1] o BF[t+1]®W[t] (X[tJrl} 7 Y[t+1]), (4)

where ® denotes the componentwise product.

Note that in (4) the filters appear twice. Firstly, they filter the weights W when the
gradient is computed depending only on the subnetwork provided by dropping some edges
or nodes. Secondly, they filter the updates in A"+ since only the remaining weights will
be updated. We remark that in this general formulation, other distributions for the filters
than those for dropout and dropconnect are allowed. For specific examples of distribution
of the filter matrices we refer to Section 2.3.

We next present the results of this paper.

1.2 Summary of Results

Our first result is a formal probability theoretical proof that for any (fully connected) NN
topology and with differentiable polynomially bounded activation functions (see Theorem 5),
the iterates of projected SGD with dropout-like filters converge. In particular, a step of
projected SGD with dropout is given by

Wt = po (Wl — QU+ ALF]Y for ¢ e Ny, (5)

where A1) is the estimate of the gradient with dropout in (4) and Py is an operator that
projects the iterates onto a compact convex set H (Oymak, 2018). In order to state our first
result, we define a dropout algorithm’s risk function as

D) 2 / U pow (2), y) dB[(F, X,Y) = (f,,y)], (6)

and we will consider I(a,b) = |a — b|? to be the fs-loss. The result is stated informally in
the next proposition.

Result 1 (Informal statement of Proposition 6.) Under sufficient reqularity of the activa-
tion functions, bounded moments and independence of random variables and some assump-
tions on the boundary H, with update (5), the weights (W), converge to a unique stationary
set of a projected system of ODFEs

dw
T —VwD|ly(W) + (W), (7)
where w(W) is a constraint term, which describes the minimum vector required to keep the

gradient flow of VD in H.
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This result provides a formal guarantee with the sufficient conditions for dropout al-
gorithms to be well-behaved and at least asymptotically (meaning after sufficiently many
iterations) to not suffer from problems that could have arisen from the relation to bond
percolation. Moreover, for a wide range of NNs and activation functions the function D(W)
is the expectation of the risk over the dropout’s filters distribution, which in our result is
not restricted to dropping nodes and can even be coupled to the data. This result also
shows that SGD with dropout converges to the stationary points of D(W). Furthermore,
we remark that the constraint to a set H, while apparently restrictive, is in practice equiv-
alent to assuming bounded iterates of SGD. Beyond the previous convergence guarantee, a
convergence rate would yield more insight into the trade-offs of the algorithm, especially in
the dependence on depth.

In our second result, we go one step beyond the convergence guarantee and compute
a bound for the sample complexity of SGD with dropout to an e-stationary point of a
generic smooth nonconvex function D(W). We say W € W is an e-stationary point of D
if |[VD(W)||2 < € holds. Note that stationary points are not necessarily minima, but the
sample complexity, understood as the number of iterations T' required to reach e-stationarity,
is usually associated with the complexity of the function to be optimized.

For a generic smooth nonconvex function D(W'), we consider dropout to be SGD with the
update in (4), where filters F' are chosen independently at each step and are {0, 1}-valued
for each parameter. In our result we assume boundedness and Lipschitzness conditions on
D(W). Moreover, under some additional assumptions on the loss function, examples of NNs
with sigmoid activation functions o(t) = 1/(1 4 exp(—t)) are also covered by our result. In
this particular case, D(W) = D(W) holds with the definition in (6). For the general case
we prove the following:

Result 2 (Informal statement of Proposition 7.) Assume that D(W') has enough regularity
and satisfies some boundedness and Lipschitzness assumptions. Let Wt be iterates of (5).
For any T € N there exist ¢ > 0 and c1,co > 0 and alth = n constant such that if p > ¢/T,
then as T — oo,

[ I70Ur ] = o PO (=P, ©

Hence, at least T iterations of dropout-like SGD algorithms are required to reach an
O((p(c1 + (1 — p)ea)/T)Y/*)-stationary point of nonconvex smooth functions in expectation.
Here, c¢1,co are constants depending on the data and function, respectively. Compared to
the theoretical optimum rate of O(T~/*) for SGD on nonconvex smooth functions (Drori
and Shamir, 2020), this result shows that dropout changes the optimization landscape and
approximate stationary points are easier to find depending on the dropout probability. In
this setting, we also consider the complexity when we scale the weights by a factor 1/p during
training, which is commonly used to compensate the effect of dropout on the convergence
rate.

It must be emphasized that Proposition 7 does not assume much structure on the ob-
jective function. As consequence, in spite of the fact that the bound in (8) holds in some
settings with deep NNs, the depth of such NN would appear only implicitly in the constants
c1,co. In order to determine the dependence between the convergence rate and the depth of
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a NN explicitly, one must exploit the specific structure of a NN, which we leverage in our
next result.

Our third result in this paper is an explicit upper bound for the rate of convergence of
regular GD on the limiting ODEs of dropout algorithms for arborescences (a class of trees,
see Figure 1c for an example), of arbitrary depth with linear activation functions o(t) = ¢.
In particular, we will consider the update rule

witt — it — oupwith. (9)

Analyzing the convergence of training algorithms on simplified NNs with linear activation
functions is commonly used to gain insight into more complex models, see e.g. (Arora et al.,
2019; Shamir, 2019; Bartlett et al., 2018). Even without a dropout algorithm present, this
task already provides a substantial theoretical challenge as the optimization landscape is
nonconvex. Our choice to restrict the analysis to arborescences allows us to quantitatively
tie our upper bound for the convergence rate to the depth and the number of paths within
the arborescence. We prove the following:

Result 3 (Informal statement of Proposition 9.) Assume that the base graph G of the NN
is an arborescence of depth L with |L(G)| leaves and the filters F follow the distribution
prescribed by Dropconnect or Dropout with dropout probability 1 — p (see Proposition 9).
Then there exist a > 0 and 1 > n > 0 depending on the initialization such that the iterates

of (9) satisfy

DW) — minDW) < (DW) — min D(W)) exp(~wt/2), (10)
with I
D

=(ziz@p™) ()

One important consequence of this result is that the convergence rate exponent indeed
deteriorates by a factor p” in these NNs. Finally, we complement this result with numerical
experiments. We target the dependency of the convergence on p for more realistic wider and
nonlinear networks on commonly used data sets. Perhaps surprisingly, we do not observe an
exponential decrease of the convergence rate exponent due to dropout in these simulations.
We will offer some heuristic explanation for this result by looking at the update rate of a
generic weight.

Our results lead to the following consequences. First, whenever the iterates of a dropout
algorithm with #5-loss are bounded, they are guaranteed to converge to a stationary point
of the risk function D(W') induced by the dropout algorithm. Secondly, we prove rigorously
that the convergence rate when training with e.g. Dropout or Dropconnect can change the
convergence rate on the empirical risk depending on p and in arborescences can decrease by
as much as a factor p~. For more realistic wider networks, however, we conduct numerical
experiments that suggest that the convergence rate is not necessarily affected by depth
as much across different dropout rates 1 — p in neural networks with just a few layers of
dropout. As a consequence, we expect that training neural networks with many dropout
layers compared to its width may result in a slow empirical risk minimization and that a
small dropout rate may beneficial in these cases.
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Our findings also motivate further theoretical study of the convergence rate of dropout
for deep and wide networks. We namely suspect that there is a transition regime for the con-
vergence rate of the empirical risk minimization with neural networks trained with dropout.
Such transition would affect the dependence on p and would be observed when going from
deep networks with small width and many layers of dropout, where dependence on the rate
may depend on p exponentially in the number of dropout layers, to networks with a few lay-
ers of dropout but very wide, where dependence is not exponential anymore but polynomial
in p and mostly independent of the number of dropout layers.

1.3 Literature Overview

The first description of a dropout algorithm was by Hinton et al. (2012). Diverse variants
of the algorithm have appeared since, including versions in which edges are dropped (Wan
et al., 2013); groups of edges are dropped from the input layer (DeVries and Taylor, 2017);
the distribution of the filters are Gaussian (Kingma et al., 2015; Molchanov et al., 2017); the
removal probabilities change adaptively (Ba and Frey, 2013; Li et al., 2016); and that are
suitable for recurrent NNs (Zaremba et al., 2014; Semeniuta et al., 2016). The performance of
the original algorithm has been investigated on data sets (Hinton et al., 2012; Srivastava et al.,
2014), and dropout algorithms have found application in e.g. image classification (Krizhevsky
et al., 2012), handwriting recognition (Pham et al., 2014), heart sound classification (Kay
and Agarwal, 2016), and drug discovery in cancer research (Urban et al., 2018).

Theoretical studies of dropout algorithms have focused on their regularization effect.
The effect was first noted by Hinton et al. (2012); Srivastava et al. (2014), and subsequently
investigated in-depth for both linear NNs as well as nonlinear NNs by Baldi and Sadowski
(2013); Wager et al. (2013); Baldi and Sadowski (2014); Wei et al. (2020). Within the context
of matrix factorization, it has been shown that Dropout’s regularization induces a shrinkage
and a thresholding of the singular values of the matrix at the optimum (Cavazza et al.,
2018). Characterizations of Dropout’s risk function and Dropout’s regularizer for (usually
linear) NNs can be found in Mianjy et al. (2018); Mianjy and Arora (2019); Pal et al. (2020).
Random networks with Dropout have been also studied in Sicking et al. (2020) and in Huang
et al. (2019).

Detailed theoretical investigations into the convergence of dropout algorithms are how-
ever relatively scarce. While revising this paper, new results appeared and these now give
insight into the convergence rate of Dropout in ReLU shallow NNs for a classification task
(Mianjy and Arora, 2020). In Mianjy and Arora (2020), it is shown that O(1/¢) iterations of
SGD to reach e-suboptimality for the test error are required; interestingly, it is independent
of the dropout probability because of their assumption that the data distribution is separa-
ble by a margin in a particular Reproducing Kernel Hilbert space. Compared to our generic
convergence result, we do not assume structure on the predictor or data and look instead
at the iterations required to reach e-stationarity in nonconvex functions using dropout-like
SGD. A study of the asymptotic convergence rate of Dropout and Dropconnect on shallow
linear neural networks has also appeared recently (Senen-Cerda and Sanders, 2022). There,
an asymptotic convergence rate for dropout linear shallow networks is provided. Namely,
for wide linear shallow networks with width D and dropout probability 1 — p > 0 a local
convergence rate close to a minimum of O(p(1 —p)/(pD +1—p)) is found. Finally, it must
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be noted that convergence properties have been thoroughly studied within the context of
NNs being trained without dropout algorithms, see e.g. Arora et al. (2019); Shamir (2019);
Zou et al. (2020); Gao et al. (2021) and references therein.

Dropout algorithms can, by construction, be understood as forms of SGD. More generally,
dropout algorithms are all stochastic approximation algorithms. The first stochastic approx-
imations algorithms were introduced by Robbins and Monro (1951); Kiefer and Wolfowitz
(1952), and have been subject to enormous literature due to their ubiquity. For overviews
and their application to NNs, we refer to books by Kushner and Yin (2003); Borkar (2009);
Bertsekas and Tsitsiklis (1995).

Notation. In this paper we index deterministic sequences with curly brackets: a{l}, g{1},
etc. This distinguishes them from sequences of random variables, which we index using
square brackets, e.g. X0y [l ete.

Deterministic vectors are written in lower case like 2 € R, but an exception is made for
random variables (which are always capitalized). Matrices are also always capitalized. For a
function o : R — R and a matrix A € R**®, a,b > 1, we denote by o(A) the matrix with &
applied componentwise to A. Subscripts will be used to denote the entries of any tensor, e.g.
z;, A;j, or Tj ;. For any vector x € R?, the fo-norm is defined as ||z[|2 £ (Zgzl || 2) /2.
For any matrix A € R**®, the Frobenius norm is defined as ||A||r £ (3.0, 2321 |A; 122,
For two matrices A, B, the Hadamard (componentwise) product is denoted by A ® B.

Let Ny be the strictly positive integers and Ng = N, U {0}. For [ € N, we denote
(1] ={1,...,1}. For a function g € C%(R"), we denote the gradient and Hessian of g with
respect to the Euclidean norm |-, in R by Vg and V2g, respectively.

2. Model

We now formally define NNs, which we had depicted in Figure 1, as well as the class of
activation functions that we will use for the convergence guarantee in our first result below.

2.1 Neural Networks, and their Structure

Let L denote the number of layers in the NN, and d; € N the output dimension of layer
l=1,...,L. Let W4 € R4+1%9 denote the matrix of weights in between layers [ and [+ 1
forl =0,1,...,L — 1. Denote W = (Wg,...,Wi) € W with W £ RIzXdr-1 x ... x Rhxdo
the set of all possible weights. In this paper, we consider NNs without biases.

Definition 4 Let o be an activation function o : R — R. A Neural Network (NN) with L
layers is given by the class of functions ¥y : R% — RIL defined iteratively by

Ag =1z, A; :U(WZ‘Ai_l) Vi € {1,...,L—2}, \Ifw(.%') =WrAr_1=A4;. (12)

Canonical activation functions include the Rectified Linear Unit (ReLU) function o(t) =
max{0,¢}, the sigmoid function o(t) = 1/(1 + e7?), and the linear function o(t) = ¢t. In
Sections 2 and 3 we restrict to the case that o belongs to a class of polynomially bounded
differentiable functions.



ALMOST SURE CONVERGENCE OF DROPOUT ALGORITHMS FOR NEURAL NETWORKS

Definition 5 For o : R — R differentiable, denote the lth deriwative of o by o). The set
of polynomially bounded maps with continuous derivatives up to order r € Ny is given by

Cip(R) ={oc e C"(R)|VI=0,...,r Fk; >0 sup |0 (z)(1 + 22) 7| < 00}
zeR

Note that the linear and sigmoid activation function both belong to Cp5z(R) for any

r € Np. Also, any polynomial activation function P(x) € R[z] belongs to Cg%g(P) (R). The
ReLU activation function is not in Cpg(R) for any r € Ny. However, because the class
Cpp(R) contains polynomials of any degree, we can approximate cases such as ReLU by
using, e.g., the softplus activation function o;(x) = log(1 + exp(tx))/t, which satisfies that
limy_, 0(z) = ReLU(z) for every x € R. Note that the softplus activation function belongs
to C3g(R).

2.2 Backpropagation, and SGD

In Section 1.1 we have defined the risk ¢/(W) that in the previous notation now depends on
aloss [ : R% x R4 — R. Throughout this article, we will specify the Euclidean fy-norm
I(z,y) £ ||x — y||3 as our loss function of interest without loss of generality. !

Furthermore, in the definition of /(W) in (1), we make no distinction between an oracle
risk function or empirical risk function. Both situations are covered by the definition in (1).
Hence, our results cover the empirical risk case when we have a finite number of samples, as
well as the online learning case, where a new sample is provided at each step of SGD. What
we do assume is that one has the ability to repeatedly draw independent and identically
distributed samples either distribution.

In an attempt to find a critical point in the set arg miny (W), as mentioned in (1.1),
SGD is commonly used. Let {(Y¥, X)},cn . be a sequence of independent copies of (X,Y),
let W € W be an arbitrary nonrandom initialization of the weights. For ¢ = 1,...,L,
r=1,...,diy1, L =1,...,d;, the weights are iteratively updated according to
[t+1] _ Wi[fr]*,l _ oAt} (Bw[t] (X[t+1]7 Y[t+1]))

i,7,l

i,7m,l (13>
fort =0,1,2, et cetera. Here {a{t}}teN . denotes a positive, deterministic step size sequence,
and the estimate of the gradient By (+,-) = Vi l(¥w(+),-) is computed using the backprop-
agation algorithm, which is given in Definition 15 in Appendix A. The stochastic gradient
is an unbiased estimate of the gradient of &/ (W). In particular, we have

Ol(Yw(x),y)1 _ UMW)

E[(BW(Xay)) OW. . - OW. I

ol =E| = (V)i (14)

2.3 Dropout Algorithms, and their Risk Functions

Dropout algorithms use {0, 1}-valued random matrices as filters of weights during the back-
propagation step of SGD. More precisely, we examine the following class of dropout algo-
rithms. Let (F, X,Y) : Q — {0,1}92%4-1x % {0, 1}% %9 xR% xR be a random variable

1. The results can be extended to other smooth loss functions I(z,y) whose partial derivatives can be
bounded by polynomials of finite degree.
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on the probability space (Q, F,P). Here, we write F' = (Fp,..., F}) and Fjq € {0, 1}di+1xdi
for i =0,...,L—1, similar to how we notate weight matrices. Let {(F[t, X1t Y[t])}teNJr be
a sequence of independent copies of (F, X,Y’). In tensor notation, the weights are updated
by using (2) with the random direction A1 for dropout given in (4). For each dropout
algorithm a different filter distribution will be chosen. We can mention a few:

(i) In canonical Dropout (Hinton et al., 2012), F; . = F; ;; ~ Bernoulli(p) for any 1,1’ €
[d;] with p = 1/2.

(ii) In Dropconnect (Wan et al., 2013), F; »; ~ Bernoulli(p) for all 4,r,[ with p =1/2.

(iii) In Cutout (DeVries and Taylor, 2017), Fy,; = 0 whenever |r —Si| < ¢, ¢ € Ny and
|l — S| < ¢ with (S, S2) ~ Uniform([d1] x [do]).

In fact, the class of dropout algorithms we consider is quite large. For example, FIf can

depend on (X, V) and Fi[t] does not need to have the same distribution as F][t] for i # j.
Recall, however, that if for some filter Fi[t:’rll] = 0 for some 4,71, then in (2) , Agt]” =0
and we have W ittt

7,0 = i,7r,l
dropout algorithms.

If F is independent of (X1, Y1) for each t € Ny and Q countable, then the dropout
algorithm’s risk function in (6) simplifies to

DW) =) PIF=f]) I(¥sow()y)PIX,Y) = (z,y) (15)
f zy

. In other words, filtered variables are not updated with these

Here the sums are over all possible outcomes of the random variables F' and (X,Y), respec-
tively. One implication of Proposition 6 in the result of the next Section 3 is that dropout
algorithms of the kind in (2), (4) converge to a critical point of (6).

3. Convergence of Projected Dropout Algorithms

Our first result pertains to the convergence of dropout algorithms for a wide range of acti-
vation functions and dropout filters. While convergence is expected in practice, we prove
such convergence rigorously. In order to control the iterates of the stochastic algorithm, we
project the iterates into a compact set. The projection assumption is common when in-
vestigating the convergence of stochastic algorithms (Kushner and Yin, 2003; Borkar, 2009;
Bertsekas and Tsitsiklis, 1995; Oymak, 2018); it essentially bounds the weights. For example,
for VI € R and an update function f : R — R, f(V) is projected onto an interval [a, b]
is by clipping and setting V1 = min{max{ f(V"), a},b}. There are also results involving
generalization bounds for NNs where bounded weights play a role in controlling the learning
capacity of the NN (Neyshabur et al., 2015).

3.1 Almost Sure Convergence

We first consider the notation and assumptions regarding the projection step of SGD. Let
H C W be a convex compact nonempty set and let Py : YW — H be the projection onto
‘H. By compactness and convexity of H, the projection is unique. In a projected dropout

10
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algorithm, the weight update in (2) is replaced by (5). Because of the projection, our analysis
will tie the limiting behavior of (5) to a projected ODE. To state such type of ODE, we need
to define a constraint term 7w(W), which is defined as the minimum vector required to keep
the solution of the gradient flow

dW

T —VwDly(W) +n(W) (16)
in H. Appendix C defines the projection term carefully for the case that H’s boundary is
piecewise smooth. While this projection step is used to show the results in full generality,
in practice it is rarely used, and we do not use projection in Sections 3.2-4 or the numerical
experiments of Section 5.1. Finally, define the set of stationary points

Sy 2 {WeH : —VyD|u(W)+x(W) =0} (17)

The set Sy can be divided into a countable number of disjoint compact and connected
subsets S1, 59, -+, say. We choose the following set of assumptions:

(N1) o € CE5(R).

(N2) E[JY |3 X[13] < co¥m € {0,1,2},n € Ny,

(N3) The random variables (F; X¥: Y1), .y are independent copies of (F, X,Y).
(N4) The step sizes att} satisfy

Za{t} = 00, Z(a{t}>2 < 00. (18)
t=1 t=1

(N5) o € Cpg(R), with dim(W) <.
(N6) —VwD|y (W) + m(W) # 0 whenever VyyD|y (W) # 0.

We are now in position to state our first result:

Proposition 6 Let {W[ Hen, be the sequence of random wvariables generated by (5) with
(4) on a probability space (Q, F,P). Under assumptions (N1)-(N4) , there is a set N C Q of
probability zero such that for w & N, {WH(w)} converges to a limit set of the projected ODE
n (16). If moreover (N5)-(N6) hold, then for almost all w € Q, {W(w)}ien converges to
a unique point in {W € H|VD|y(W) = 0}.

Theoretically, Proposition 6 guarantees that projected dropout algorithms converge for
regression with the fo-norm almost surely. Proposition 6 implies that if one is using a
regular nonprojected dropout algorithm and one sees that the iterates {W[t] }i>0 are bounded,
then these iterates are in fact converging to a stationary point of (6). Assumptions (N5)—
(N6) are technical but are expected to hold in many cases. In particular, (N5) holds for
the uniformly convergent approximation to a ReLLU activation function given by softplus
oi(xz) = log(1 + exp(tz))/t, and holds for many smooth activation functions. Also (N6)
is expected to hold when H is generic polytope for which the gradient VD is not exactly
orthogonal to the normal to the surface.

Observe also that Proposition 6 holds remarkably generally. For example, the depen-
dence structure of (F, X,Y’) as random variables is not restricted; it covers commonly used

11
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dropout algorithms such as Dropout, Dropconnect, and Cutout; and it holds for differentiable
activation functions. Proposition 6 includes also online and offline learning, depending on
the distribution g from which we sample.

Our proof of Proposition 6 is in Appendix D and relies on the framework of stochas-
tic approximation in (Kushner and Yin, 2003, Theorem 2.1, p. 127). In the background
the stochastic process {W[t] }i>0 is being scaled in both parameter space and time so that
the resulting sample paths provably converge to the gradient flow in (16). Examining the
proof, we expect that Proposition 6 can be extended to cases where the filters as random
variables have finite moments, for example, when they are Gaussian distributed (Molchanov
et al., 2017). Concretely, the proofs of Lemmas 17 and 18 in Appendix D rely only on the
assumption that F' has finite moments, and may therefore be extended.

3.2 Generic Sample Complexity for Dropout SGD

Examining Proposition 6, we note that it does not give insight into the convergence rate
or the precise stationary point of D(W) to which the iterates {WH} converge. A related
goal in stochastic optimization is to ask for the number of iterations of (2) required to
achieve a point close to stationarity in expectation, also referred to the sample complexity
of the algorithm. We say W € W is an e-stationary point of a differentiable function D
if ||[VD(W)||2 < € holds. For nonconvex functions D with a Lipschitz continuous gradient
VD, SGD convergence to an e-stationary point in expectation can be achieved in O(e%)
iterations; see Bottou et al. (2018); Drori and Shamir (2020).

We will consider nonconvex functions with a Lipschitz continuous gradient and assume
that the filters F' and the data Z = (X,Y’) are independent. We will also assume that the
distribution of Z is well-behaved so as to guarantee that we also have the following relations
for the functions r, U and D:

UW) =Ez[r(W, Z)],
D(W)=Ep[UF ©W)], and (19)
VD(W) =Er[F @ VU(F @ W) = Epz[F o Vr(F oW, Z).

Note that the function r in this setting includes the loss function formulation from (1) with
(W, 2) = 1(Uw(X),Y), and Z=(X.Y), (20)
and in general, at time ¢ the update rule will be

W _ gl _ o4 pll oy (W[ﬂ o Fli Z[t]), (21)

In the case of dropout, for example, we expect that the sample complexity of finding an e-
stationary point for the empirical risk will change depending on the dropout probability 1—p.
In particular, if p L 0 and ||[VU(W)||x < C holds for any W € W, then VD(W) = Ep[F ©®
VU(F © W)] = O(pC). On the other hand if p 1 1, then the variance of F' © VU(F © W),
will also be small. We make these intuitions rigorous in the next proposition. For some
N €N, we let W =R be the parameter space and z € Z C R? a Lebesgue measurable set.
We assume the following:

12
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Q1) r € C'(W, Z) and supyeyy zez [r(W, Z)| < M.

(Q1)
(Q2) supwew,zez Vr(W,Z)|2 < S.

(Q3) VU(W) is Lipschitz with Lipschitz constant ¢ (also referred to as U being ¢-smooth).
(Q4)

(Q5)

Q4) The random variable F' : Q — {0, 1}V satisfies E[F] = p(1,...,1) € W for p € (0, 1].
Q5) The iterates (W), of (2) are bounded, that is, sup, |[IW[|s < R almost surely.

Except for (Q4) and (Q5), all other assumptions are routinely used in sample complexity
analysis. While the assumptions of Proposition 7 below hold for general nonconvex smooth
functions D, in the case of NNs and the setting in (20) we remark that there are examples
that satisfy these assumptions such as the following one:

Example 1 In a binary classification setting, the set Z is compact, that is, the data pairs
(x,y) € Z take values in a compact set where y € {0,1} are labels for the two classes.
A NN, denoted by Wy (-), uses sigmoid activation functions o(t) = 1/1 4 exp(—t) with
output in R. The output of Uy is then used for binary classification with a logistic map,
that is, the predicted probability of belonging to one of the classes is given by Wy (z) =
1/(1 + exp(—=Wyw(z)). In this setting, assumptions (Q1)—(Q3) will hold if the loss | is also
smooth (such as the ly-loss). In this case, we have D(W) = D(W) and the constants in
(Q1)-(Q5) will also indirectly depend on the depth and width of the NN.

Regarding (Q4), note that it allows for dependencies between filters. We also assume
(Q5) for the sake of simplicity: we could instead use projected SGD with updates from (5)
instead of (Q5), but using projected SGD would leave the scalings in p and 7" invariant. 2
Recall that D(W) = Ep[U(F ® W)]. The proof the following proposition can be found in
Appendix E.

Proposition 7 Let (F[t])teN be a sequence of independent random variables with distribu-
tion F. Let W be iterates of (21). Assume (Q1)-(Q5). Define J = S?+ SN2(’R*+2(R).
(a) Let T € Ny. If p > M{/(NS?T), then there exists a constant stepsize o\t =1 > 0 such
that for all t € [T,

M{IN
min B[ VDW) 3] < 4/p(S2+ (1= p) )y~ (22)
te[T] T

(b) Let T > 4. There exists a sequence of decreasing stepsizes satisfying ottt = 1/(£\/t) for
all t € [T] such that

2 2 _
min E ||| VD) 2 <4M€ +4Np(S -+ (1 p)J)log(T).

te[T) B VT 23)

2. With projected SGD, we would moreover have to use the expression VUP(w) = (w — Px(WH —
ot AN /01 \which makes the analysis more tedious. Note that VUP(w) = VU(w) whenever
w € int(H). See Bubeck et al. (2015) for an example of such analysis.
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In Proposition 7, we observe that finding approximate stationary points is easier with
a larger dropout probability 1 — p for a wide range of filter distributions like those deter-
mining dropout and dropconnect, as guaranteed by (Q4). In Proposition 7(a) we also see a
dependence of the convergence rate on \/ p(S2+ (1 —p)J). The term pS? corresponds to
the variance of the gradient due the distribution of data in Z and decreases with p; while
the term p(1 — p)J stems from the variance due to dropout. Note that the sum achieves a
maximum for p € (0,1). We note that Proposition 7 does not suggest that the convergence
to minima is faster for smaller p. In particular, saddle points can become easier to find as
p 1 0. As seen later in the numerical experiments with NNs in Section 5.1, or in similar work
from Mianjy and Arora (2020); Senen-Cerda and Sanders (2022), the NN structure and data
distribution can change the convergence rate dependence on the dropout probability. As an
example, in Senen-Cerda and Sanders (2022) it is suggested that the convergence rate depen-
dence on p and the width of the NN can have different regimes depending on whether we are
close to a minimum or not. Similarly, smaller p does not necessarily improve generalization.
In particular, if the dropout probability 1 —p is large, the optimization landscape will be flat
with many approximate stationary points. In this case, SGD with dropout with a limited
sample complexity of T iterations will not explore the landscape as much as when using
a smaller dropout probability. With a flatter landscape in mind, it may be better in the
complexity trade-off to use a larger p for finding an approximate minimum and generalize
better instead of finding a stationary point.

A possible approach to avoid the flattening of the landscape is to scale the weights
appropriately during training. This is, for example, what is conducted in practice in some
implementations of dropout.? Assuming (Q4) holds, we consider the update rule

Wil Z g EY g, (whe iy z"). (24)
p p

With (24), the use of filters is compensated by increasing the size of the updates and
weights accordingly. In this case, SGD with this update rule is actually minimizing the
function

D(W) = D(—), (25)
p
which also compensates in expectation the effect of the filters. With the update rule in (24),
we can again obtain an expression for the complexity of finding an e-stationary point of
D(W). The following is proved in Appendix E:

Proposition 8 Let (F[t])teN be a sequence of independent random variables with distribu-
tion F. Assume (Q1)-(Q5). Let WH be iterates of (24). Let T € Ny. If p > M{/(NS?T),
then there exists a constant stepsize ot =n > 0 such that for all t € [T,

. ~ 1 (1-p) 3 MIN
2| < 2 262 1 2 N2(pe2 B2
%1%1]1@ |VD(W )HQ} _4\/p3 (S + 2 (p S2 + 5N (R +2£R))) . (26)

3. For example, scaling is implemented with the Dropout layer implementation in Keras, https://keras.
io/.
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Proposition 8 shows that for the scaled dropout SGD of (24) the complexity of finding
an e-stationary point monotonically increases with 1 — p. This result contrasts with Propo-
sition 7, where a different behavior was observed. We remark, however, that this result
assumes (Q5), which for small p cannot realistically hold since a bound R for the norm of
the weights may also scale by a factor 1/p. This result, just like with Proposition 7, also
does not imply that good weights W € W become easier to find by using the update (24).
Indeed, scaling partially avoids the flattening of the landscape—the Lipschitz constant of
VD is namely scaled by a factor 1 /p*>—but the variance of SGD due to dropout is also
increased considerably. This variance becomes dominant when the dropout rate 1 —p 11
due to the inverse dependence on p in the sample complexity.

Propositions 7 and 8 show that the complexity of finding e-stationary points heavily
depends on the algorithm used. However, when we restrict the results to deep NNs such
as with Example 1, the bounds do not provide much information on the dependence of the
convergence rate on the depth of the network. This fact also shows the limitations of using
a generic sample complexity analysis.

In order to obtain an explicit convergence rate depending on the depth, we need to
use the additional structure of the NN. In the next section we will be able to compute
the convergence rate to a global minimum for NNs that are shaped like arborescences and
obtain an explicit bound that depends on the depth of the arborescence and the dropout
probability.

4. Convergence Rate of GD on D(W) for Arborescences with Linear
Activation

We obtained a convergence guarantee as well as a bound for the sample complexity of dropout
in the previous section. Next, we focus on the convergence rate of dropout in functions that
model the structure of NNs. In particular, we will derive an explicit convergence rate for
dropout algorithms in the case that we have linear activations o(z) = z and that the NN
is structured as an arborescence: see Figure lc. Specifically, we will study the following
regular GD algorithm on dropout’s risk function:

w1 — it — QVD(W{t}) for t e Np. (27)

Here, we keep the step size a > 0 fixed. Note that this algorithm generates a deterministic
sequence {W 1}y, as opposed to a sequence of random variables {W"},cy, as generated
by (2) or (4). We will use a linear activation function o(t) = ¢, which combined with
the arborescence structure will allow us to obtain an explicit convergence rate. While the
iterates of (27) are not stochastic, analogous to Proposition 6, the stochastic iterates will
converge to a gradient flow of an ODE, whose discretization is given in (27). Analyzing
ODEs related to NNs is common in literature Tarmoun et al. (2021); Jacot et al. (2018).
For more discussion on the relationship between the iterates of (27) and dropout we refer
to Appendix B.

Our main convergence result in Proposition 13 below holds for general distribution func-
tions. However, we show here the cases of Dropout and Dropconnect, which are most insight-
ful. We use the following notation adapted from graph theory. Consider a fixed, directed
base graph G = (€,V) without cycles in which all paths have length L, which describes

15



SENEN—CERDA AND SANDERS

a NN’s structure as follows. Each vertex v € V represents a neuron of the NN, and each
directed edge e = (u,v) € & indicates that neuron u’s output is input to neuron v. Note
that to each edge e € £ in the NN, a weight W, € R and a filter variable F, € {0,1} are
associated. We will write W = RI€! for simplicity. For an arborescence G, we denote by
L(G) the edge set of leaves. Let M > 2§ > 0 be real numbers and suppose that we initialize
the weights {W,}.ce as follows:

M > W% > /25 for e € E\L(G)
Wyl < 6/v/|L(G)]| for 1 € L(G). (28)

The proof of Proposition 9 is deferred to Appendix I, which is a consequence of our more
general result in Proposition 13.

Proposition 9 Assume that the base graph G is an arborescence of depth L with |L(G)]
leaves, the activation function o(t) =t is linear, F' is independent of (X,Y), and {We{o}}eeg
is initialized according to (28). If the {Fe}ece follow the distribution prescribed by Dropcon-
nect or Dropout, then there exists o > 0 such that the iterates of (27) satisfy

DWW — DWeoPt) < (DW ) — D(WPY)) exp(—wt/2). (29)
with pL 052\ 21
”:O(W(m) ) (30)

4.1 Discussion

In Proposition 9 we consider the cases of Dropout and Dropconnect, in which nodes or
edges are dropped with probability 1 — p, respectively. Observe that the convergence rate
exponent depends on p* and (262/M?)%L where 20%/M? < 1; see (28). The first term in
particular indicates that as the NN becomes deeper, the convergence rate exponent of GD
with Dropout or Dropconnect will decrease by a factor p”. The second term (282/M 2)2L
shows the increased difficulty of training deeper NNs and has been observed e.g., by Shamir
(2019); Arora et al. (2019). The exponential dependence in L is moreover tight when using
GD and is intrinsic to the method (Shamir, 2019). Hence, dropout adds another exponential
dependence to the convergence rate in arborescences, which is due to the stochastic nature
of the algorithm. In Figure 2 an experiment confirming this intuition on the convergence
rate of dropout on a single path for different depths can be seen.

Finally, our proofs of Proposition 9 and the related more general result in Proposition 13
below can be found in Appendix H. The proof strategy is to show that a Polyak—t.ojasiewicz
(PL) inequality holds, which allows one to obtain convergence rates for GD on nonconvex
functions (Karimi et al., 2016). The new part of the argument is that we use conserved
quantities and a double induction to identify a compact set in which the iterates remain and
simultaneously a PL inequality holds. The method that we develop and which is sketched in
the next subsection depends intricately on the arborescence structure and cannot be readily
applied to other cases.

To compare this result with more realistic models, we will examine the convergence rate
of dropout in deep and wide NNs in Section 5 with a heuristic and experimental approach.
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Figure 2: The average loss depending on the number of steps of SGD with dropout of the
function f(w) = (y — Hle w;x)? and its average convergence slope. (a) The average loss
for L = 1. (b) The average loss for L = 3. (c¢) The average loss for L = 5. As the
number of dropout layers increases, the negative effect of dropout in the convergence rate
increases. Namely, we can see the loss profile corresponding to low values of p (large dropout
probability) becoming flatter as we increase the number of dropout layers. (d) The slope /3 of
the fit of y = —px +y for the curves in (a), (b) and (c). The slopes § for a given [ have been
normalized at p = 1 for comparison across depths L. § can be understood to approximate
the average gradient of the loss during the runtime, that is 3 ~ VL. Note that as the
number of dropout layers L increases, the effect of dropout on the convergence rate becomes
also more pronounced, that is, for the same dropout probability the convergence rate will
be slower when more dropout layers are used. This is in agreement with the conclusion in
Section 4, where we expect a convergence rate depending on p”. In this case, other effects
of depth are also observed, such as a dependence on the initialization.
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4.2 Sketch of the Proof

Besides the previous notation, we need to introduce notation corresponding to subgraphs and
paths. Let G be the set of all subgraphs of the base layered directed graph G' with d vertices,
and let £(g) be the set of edges of a subgraph g € G. Let I'/(g; e) be defined as the set of
all paths in the directed graph g that start at vertex ¢, traverse edge e, and end at vertex j.
If the origin or end vertices are in the input or output layer, the subscript or superscript is
dropped from the notation, respectively. For every path v = (y1,...,71) € I'(g), we write
P, £ Hee,y W, and F, £ Heev F, for notational convenience. Finally, let Gr = (£, V) be
the random subgraph of base graph G that has edge set Ep = {e € E|F. = 1}. We denote
pg £ P[Gp = g], and n, & 2 {ged|ver(g)} Hg- We first provide an explicit characterization of
dropout’s risk function in (6) in terms of paths in the graph that describes the structure of
the NN. This is possible since we assume linear activation functions. The following lemma
now holds, and is proved in Appendix F.

Lemma 10 Assume that the base graph G is a fized, directed graph without cycles in which
all paths have length L and there are dj, output nodes (NG6’), that o(t) =t (N7), and that F
is independent of (X,Y) (N8). Then

W) = ZNQE [i(ys - Z Pvao)z] (31)

9€9 s=1 v€rs(g)

Moreover DIW) = J(W) + R(W), where

JW) = Z mE[(Ys, — P’vao)Q]a (32)
7€l (G)
2
ROW) =~ uy [Z > ((1- T )‘)Ys ~PXy Y. BiXa)| (33)
9€g s=1 €l (g) o€l (g9)\{~}

Here, the constants 1, p, depend explicitly on F'’s distribution and the NN’s architecture.

Note that Lemma 10 essentially changes variables to rewrite the dropout risk function
as a sum over paths instead of a sum over graphs. This representation allows us to clearly
identify the regularization term R(W). For example in the case of Dropconnect (Wan et al.,
2013), where the filter variables { F¢ }cce are independent random variables with distribution
Bernoulli(p), Lemma 10 holds with z, = pl€@I(1 — p)IE@I=IEWI " Also note that if for all
subgraphs g € G and vertices i € [d] the number of paths that end at i satisfies |T%(g)| =1,
such as when G is an arborescence, then for all subgraphs g € G and paths v € I'(g) there
is only one path ending at a leave node ~yz,, that is, "% (g) = {~}.

We now focus on a base graph that is an arborescence of arbitrary depth; see Figure 1lc.
Hence we now replace (N6’) in Lemma 10 that assumes a generic graph by assumption (N6),
where G is specifically an arborescence. The following specification of Corollary 11 is also
proven in Appendix F.
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Corollary 11 Assume that the base graph G is an arborescence of depth L (NG6), and (N7)-
(N8) from Lemma 10. Then D(W) =Z(W) + D(W°P), where

(W) = Z vy (2y — P7)27
7€l (G)
DW) = > n,(E[YS] - E[Y;, X, )*/E[X2)), (34)
vET(G)

and vy = 0, E[X2 ], 2y £ E[Y,, X,,]/E[X2 ] for v € T(G). Consequently, R(W) =0 for an
arborescence.

The convergence result we are about to show uses the fact that for the system of ODEs
dW/dt = —VwD(W) there are conserved quantities. Within the proof, these conserved
quantities have the crucial role of guaranteeing compactness for the iterates. Specifically,
let L(g; f) denote the leaves of the subtree of g € G rooted at a vertex f € £(g), and define
the set of leaves of G as L(G) £ UseeL(G; f). We remark that in the previous notation
dr, = |L(G)|. For W € W and each leaf f € E\L(G), define the quantity

Cr=Cy(W - > W (35)
1€L(G:f)

Define Ciin = mingeg £(q) Ce and ot = C. (Wit for t € N, also, both of which we
require later. Lemma 12 now proves that the function Cy in (35) is a conserved quantity;
the proof is in Appendix G.

Lemma 12 Assume (N2) from Proposition 6, (N6) from Corollary 11 , (N7), (N8) from
Lemma 10. Then under the negative gradient flow dW/dt = —VD(W),

acy

5 =0 (36)

for all f € E\L(G).

We are almost in position to state our second result, but need to introduce still some
notation. We define the following constants

A A
||V||1—7§: Vys  Vimin = glrl(%)w Vinax = _THAX Vs, (37)

for notational convenience. Also, for 0 < § < M, we define
SE{WeW : M>|Ws|>6>0Vfe&GN\LG); M > |Ws| VfeL(G)} (38)

a bounded set of parameters where if the weight is associated with a leaf, they are further-
more bounded away from zero. Let finally

Ble,I) 2 {W EW : IW)<eWi— Y WPelforfe 5\£(G)} (39)
1EL(Gif)
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denote the set of all weight parameters that are e-close to a critical point and for which the
conserved quantities in (35) deviate by no more than O(C}O}) from their initial value C’J{CO}.
These deviations are made explicit by the intervals

I = [C}O}/Q,Z’)C}O}/Z} for f € E\L(G), and the set I = X ree\c@a)ly C RIEFIEG - (40)

Our proof shows that the iterates {W{}};5¢ stay in the intersection S N B(g, I), and this
implies that the weights (including those associated with the leaves) remain bounded. The
following now holds, and its proof can be found in Appendix H.

Proposition 13 Assume (N2) from Proposition 6, (N6) from Corollary 11, (N7)-(N8)
from Lemma 10, that W% € SN B(e,I) and MY > |z,| for all v € T(G) (N9), that
LCnin (W) > 62 (N10). If

. el/Q(C’{O-})L 1 1
a < min (Vmin mn , , )7
16 [[v ||y LM2EDI(WA) " 120max €] [T(G)| M2ED 9y, o (00 yL-1
(41)
then the iterates of (27) satisfy
DWH) — DWOP) < (DWW — D(WOPY)) exp(—t). (42)
where T = 4Vpin eXp(—l/Q)(C;{rgr}l)L_l'

Proposition 13 identifies explicitly how the convergence rate of GD on a dropout’s risk
function depends on the dropout algorithm and the structure of the arborescence: parame-
ters such as p, |L(G)|, L are implicitly present in the constants vy, and ||v|j; in a, 7.

Note that Assumptions (N9)—(N10) are relatively benign. These assumptions are for
example satisfied when initializing M > Wi > /25 for e € E\L(G) and setting |W;| <
§/\/|L(G)] for all I € £(G) and € = Z(W1%), which we assume in Proposition 9. In other
words, this initialization sets the weights that are associated with leaves small compared to
all other weights.

5. Effect of Dropout on the Convergence Rate in Wider Networks

In Proposition 13, we have proven that the convergence rate depends on p” for NNs shaped

like arborescences. Let Giree be a tree and e € £(Giree) be an edge. Denote by F[t](e) the

set of paths passing through e that are not filtered by dropout at time ¢. We observe that
at any given time ¢ of dropout SGD,

Plwl is updated] = P[I(e) # 0] = p*. (43)

If we denote by tupdate(Gtree) = 1/ pl the average update time for a weight in Giree, then

we need 1/p” more time on average for a given edge to be updated than when we do not

use dropout. For wider networks GG, however, edges can be updated simultaneously and

repeatedly via different available paths. By the previous intuition we might still expect that,
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if the updates are sufficiently independent, the convergence rate depends approximately on
1/tupdate- In order to verify this intuition we will determine ¢upqate for NNs that are much
wider than deep, and later simulate their convergence rates also in realistic settings.

Suppose now that G is a graph of a fully-connected NN with L dropout layers each of
which has width D. For each of the vertices u € G in a dropout layer, there is an associated
dropout filter variable F), ~;;q. Ber(p) where p > 0 is fixed. That is, we use dropout. Note
that any other additional input or output layer without filters only changes the number of
paths by a multiplicative factor. Hence, we will restrict to the case that all nodes in the
layers have filter variables. In this case, we may consider a path v = (ug,...,ur) as a set
of L vertices—one for each dropout layer—instead of edges. For two paths v and §, we
consider their intersection v N § as the subset of vertices belonging to both paths. Hence,
|y N é| =1 implies that the intersection has [ vertices, not necessarily forming a path.

We remark that we can restrict to the case L > 2. In the case of one dropout layer
L =1, an edge e = (u,v) conected to a dropout node u is updated if and only if the filter
F, = 1, where u € G is the adjacent vertex to e with a dropout filter, so that in this
case ]P’[wg] is updated] = 1 — p. For L = 2, an edge e = (u,v) is updated if and only if
F, = F, =1, so that IP’[wLﬂ is updated] = 1 — p?. Recall that we denote by I'(e) the set of
paths v of G passing through e. For a path v € I'(e), in the following, we let F, = Huev F,
be the indicator of a path being filtered. Thus, F is 1 is «y is not filtered and 0 otherwise.
We will use Greek letters for paths and Latin letters for vertices when referring to filters F,
and F,, respectively.

Lemma 14 Let G be a graph of a fully-connected NN with L > 2 dropout layers, each

with the same width D and with dropout filters F, for u € G. For an edge e € E(G),

let Frey = Z”/EF(@) E, denote the random variable that counts the number of nonfiltered
traversing paths through e. If L,p are fized, then as D — oo,
L

P[Fre = 0] =1 —p? + O<%). (44)

Proof We will use the Paley—Zygmund inequality. For a nonnegative random variable Z
with finite second moment, for any 6 € (0, 1),

2 E[Z)?

P[Z > 0E[Z]] > (1 — 0) B2

(45)

We will use (45) with the random variable Fr(e). The idea is that if D is much larger
than L, the average number of paths passing through e is also large. We are using dropout,
so the filter variable corresponding to an edge e = (u,v) will depend on the vertex u only,
that is, F, = F,. For counting paths we also need to take into account that the filter F,
will appear in all paths passing through e. Since only the two vertices v and v of e are fixed
we can compute

E[Fre) = Y E[F]=p"T(e)| =p"D" 2 (46)
v€l(e)

21



SENEN—CERDA AND SANDERS

We define the set of broken paths in I'(e) as
Tyle) = {y = (uiy, ..., u;,) € GF: 3,6 € T(e),y =n N}, (47)

that is, v € T'y(e) if and only if there exist 7,0 € I'(e) such that v = n N 4. In particular,
I'y(e) contains paths and unions of vertices of paths that pass through e. Then we have:

Eff]= Y S E FF(;(:ZZZ P[F, = 1,Fs = 1] (48)

v€l(e) 6€l(e) Y€T'(e) I=2 €T (e)
[vnd|=i
L
Zzzpluzzzzz ZplQLQZ (49)
y€l(e) 1=2 6€l'(e) =2 neTy(e) v,0€T'(e)
|vNd|=l Inl=t  nCdy
yNé=n
L
(iv) Z Z (D(D — 1))L—lplp2L72l (50)
=2 nely(e)
Inl=l
(v) Lo/p—2
V) Z <l - 2>Dl_2(D(D N 1))L—lplp2L—2l (51>
1=2
=p 2L— 2D2L 4 + O(Lp2L73D2L75)’ (52)

where (i) we have first used that F, are indicators for occurring v € I'(e) and that at least
[ > 2 since vertices u and v are shared among all paths in I'(e); secondly, that we have
separated the sum over paths into a path v and all other paths § that coincide in [ vertices.
In (ii) we have computed the probability by noting that for v and ¢ such that [yNéd| =1 > 2,
E[F, Fs] = p'p?~2 where the term p' accounts for the [ shared filters corresponding to [
shared vertices and p*~2 for the remaining products of filters. Note that we have used the
independence assumption for filters here. (iii) We have used here that n = § Ny € I'y(e),
so that we can separate the previous sum into first, fixing the [ vertices where two paths
intersect—including e—with n € T'y(e) such that |n| = [, and then looking for all possible
9,7 € I'(e) such that yNé =n. For (iv) we fix [ vertices where v and ¢ coincide, then there
are still (D(D — 1))L~! possible ordered vertex pairs to choose from all the other vertices
where v and § do not coincide. (v) For the remaining sum, for each [ fixed locations—
including the vertices of e, which are fixed—we can still choose D'~2 remaining possible
vertices. Additionally, there are for each I, (%__22) distinct [ — 2 locations for these vertices.
Hence, plugging (52) and (46) into (45) yields

2L H2L—4

PlFpe) > HPLDLQ] > (1~ 0)2p2L—2D2L—4p+ O(Lp*L—3D2L-5)) (53)
P2

= o D) oy

= (1-6)*(p* + O(pL/D)). (55)
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In particular, setting ! = 2pl'DE—2

we obtain that

and computing the higher order noting that L > 2,

P[Fr() > 1/2] > p*> + O(pL/D), (56)

or alternatively noting that {Fp(y < 1/2} = {Fp() = 0}, since Fr() € N we obtain
P[Fr() =0] < 1—p®+ O(pL/D). (57)

Finally note that 1 — p? < P[Fp() = 0] since the edge e can be present in a path only
if the filters at both vertices of e have value 1, which occurs with probability p?, so that
]P[Fr(e) > 0] < p2. |

Note that in the proof of Lemma 14 we can recover the scaling p” that we have seen in
Proposition 13 by setting D = 1 in (52) and in (50).

From Lemma 14 we expect that for a wide network with L layers where D > L and an
edge e € £(G), we have that

Plwl is updated] = p* + O(pL/D). (58)

If the convergence rate is related to the update rule, then we would expect that for a
wide network the rate would be independent of L which is different from the path network
considered in Proposition 13. In the next section we will verify this intuition on real data
sets. Note, however, that we do not expect to see the dependence on p as shown in (58):
this heuristic argument provides only the rate at which a weight is updated, and stochastic
averaging is not solely driving the convergence rate. In particular, from an example for wide
shallow linear networks in Senen-Cerda and Sanders (2022), close to a critical point of a
dropout ODE, the dependence scales with a factor p(1 — p) instead of p. This is due to the
fact that for larger p, there are regions of the landscape close to minima that become flat,
as also hinted by Proposition 7. Indeed, when p 1 1 the term (1 —p)J | 0 in the convergence
rate of Proposition 7 lowers the complexity of finding an e-stationary point. Hence, there
are landscape regimes and initialization issues that also account for the convergence rate in
NNs.

Finally the results from Lemma 14 and Proposition 13 suggests some practical rules for
choosing p to avoid a slow empirical risk minimization. Namely, when training networks
with width D and L dropout layers such that D > L, the dependence of the convergence
on p may only become slow when choosing a very small p. For networks with L larger than
D, however, p needs to be choosen carefully to avoid a compounding effect of dropout that
may make the dependence of the convergence rate highly dependent on p as happens with
arborescences—the extreme case with D ~ 1.

5.1 Numerical Experiments

In this section we conduct the dropout stochastic gradient descent algorithm numerically,*
for different data sets and network architectures. We measure the convergence rate for

4. The source code of our implementation is available at https://gitlab.tue.nl/20194488/
almost-sure-convegence-of-dropout-algorithms-for-neural-networks.
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different widths D, depths L, and dropout probabilities 1 — p. We then compare these
measurements to the bounds on the convergence rates obtained in Section 4. We use Ten-
sorflow® for the implementation. We remark that differently to the theoretical results of
Section 3, we will not project the iterates of the gradient descent onto a compact set as with
the appropiate initialization we do not observe any diverging trajectory of the iterates.

5.1.1 SETUP

Data sets. We will consider three commonly used data sets of images: the MNIST® (LeCun
et al., 2010), CIFAR-100-fine”, and CIFAR-100-coarse data sets (Krizhevsky, 2009).

NN Architecture.  We use as a base architecture a LeNet with 11 layers where the two
dense layers have been substituted with L fully-connected ReLU layers of width D. Each
of these layers have dropout with dropout probability 1 — p. While larger networks are
commonly used in practice, a LeNet architecture is sufficient to test the effect of dropout on
the convergence rate as we verify with the simulations.

Loss. We use the cross-entropy loss, which is commonly used for classification. For two
distributions p and ¢ with support on [n] labels, the cross-entropy loss is defined as

Wp,q) ==Y ailog(pi). (59)
i—1

Stopping criteria. In all experiments, we stop after 40 epochs.

Initialization. In order to see the convergence rate close to a minimum. We use first
a Gaussian initialization, that is, we set every weight on the dense layers to Wi, ~
Normal(0,1/v/D) in an independent manner, where D is the width of the layer. While
this initialization is standard, we note that we cannot expect to compare convergence rates
for different numbers of layers L € {1,2,3} and for different dropout probabilities 1 — p,
since the loss functions are also different. In the course of our experiments, we found that
there are also many saddle points where SGD remains stuck, which complicated the esti-
mation of the convergence rate. In order to start approximately at the same neighborhood
where the iterates stay and continuously track minima across different choices of p, for each
L € {1,2,3} we have used a two-step approach in order to avoid areas of the landscape
with saddle points. We first run ADAM? for 2 epochs with p = 0.1 and store the weights.
Secondly, for each p € P we then perform dropout SGD with initialization given by the
stored weights. In this manner, we expect that we are approximately “tracking” the same
local region across the optimization landscape when we change p. Optimization with ADAM
is less prone to remain in flat areas of the landscape since it uses a dynamic step size. Hence,
if after the dynamic step the iterates remain in a part of the landscape with no saddle points
that smoothly changes with p, we also expect in this case to obtain comparable convergence
rates for SGD for each fixed L.

Step size and batch size. In each experiment, the step size is given by n = 107 and the
batch size is b = 1024. Both have been chosen by hand for convenience and no additional

5. https://www.tensorflow.org/

6. Modified National Institute of Standards and Technology (MNIST)
7. Canadian Institute For Advanced Research (CIFAR)

8. Adaptative Moment Estimation (See Kingma and Ba (2014)).
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fine-tuning has been conducted for the experiment. A small batch-size compared to the data
set size has been selected to allow for a stochastic trajectory to occur.

Fitting procedure. We fix a set of probabilities P C [0,1] and depths L = {1,2,3} and for
each pair (p,l) € P x L we run the algorithm above. From the value of the loss from all
T iterations of SGD £ = (I;)]_, in one run, we compute a moving average a(L£)L,, where
we average the loss across a window with size given by the number of batches n; required
to complete one epoch. In this manner we obtain an average convergence rate and diminish
the stochasticity from the data set. We then fit the averaged loss of the iterates a(L)]_, for
each p and [ to the function

fapt, Bpisvpi) = aprexp(—Bpit) + Yp- (60)

We run the experiment B = 10 times for each (p,1) and obtain an average convergence
exponent (Bp,l)(p,l)erL-

(a') (b') ()

Figure 3: The fit 8,; for p € {i x 107" : i € [10]} and I € {1,2,3} for LeNet with different
widths D and different data sets. Here (a) MNIST with D = 50; (a’) MNIST with D = 100;
(b) CIFAR-100-fine labels with D = 50; (b') CIFAR-100-fine labels with D = 100; (¢)
CIFAR-100-coarse labels with D = 50; (¢/) CIFAR-100-coarse labels with D = 100. While
for the MNIST data set there seems to be an increasing dependence of dropout on the
convergence rate with the depth L, for CIFAR no such dependence is observed. We remark,
however, that in the CIFAR data sets encountering saddle points was more common. For
those areas the loss profile is flat and so we expect the fits to be biased towards the origin
in some cases.
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5.1.2 RESuULTS

In Figure 3 we can see the plots of Bp,l' As suspected from the heuristic argument, we do
not see an increasingly large dependence on p for L = 1,2 or 3 when D € {50,100}. For
the MNIST data set some dependence on the depth is appreciated, but this may be due
to other factors that affect the convergence rate, like initialization issues. For the CIFAR
data sets, convergence is greatly affected by saddlepoints despite the use of dropout. This is,
however, common when using SGD with small constant stepsizes. In particular, in practical
scenarios other schemes that adjust the stepsize, like e.g. ADAM, may be more appropriate
when dealing with deep networks with dropout in different layers. From the experiments
it is concluded that despite the stochasticity provided by dropout, the convergence rate is
not affected much by a varying dropout probability 1 — p in wide networks with just few
dropout layers.

6. Conclusion

Firstly, this paper contains a probability theoretical proof that a large class of dropout algo-
rithms for neural networks converge almost surely to a unique stationary set of a projected
system of ODEs; see Proposition 6. The result guarantees formally that these dropout algo-
rithms are well-behaved for a wide range of NNs and activation functions, and will at least
asymptotically not suffer from issues because of the connection to bond percolation.

Secondly, this paper contains bounds for the sample complexity of SGD with dropout to
converge to an e-stationary point of a generic nonconvex function. These can be found in
Propositions 7 and 8. An upper bound to the rate of convergence of GD on the limiting ODE
of dropout algorithms is also established for arborescences of arbitrary depth with linear
activation functions; see Proposition 13. This result is a necessary step towards analyzing
the convergence rate of the actual stochastic implementations of dropout algorithms.

For example, note that Proposition 9, which is a consequence of Proposition 13, implies
that Dropout and Dropconnect can impair the convergence rate by an exponential factor in
the number of layers of thin but deep networks.

We have theoretically and experimentally verified this impairment in experiments with a
path network; see Sections 5.1 and 4. This fact is contrasted though with our experimental
nonobservation of a strong dependence on the dropout probability p in wide networks with
just a few dropout layers. These two observations together imply that there is a change of
regime in the convergence rate from networks that are wide with a few dropout layers to
thin networks with many dropout layers.

6.1 Future Research

In the first half of this paper, we relied on the ODE method. Observe specifically that we
used it to study the limiting behavior of Dropout and/or Dropconnect when the number of
SGD iterations becomes large and the topology of the NN is kept fixed. Our conclusions
imply that ultimately, after an infinite number of iterations on a fixed topology, whether
convergence happens is not affected by p bounded away from 0 and 1. However, consider
now the following thought experiment for any p bounded away from 0 and 1: keep the
number of iteration steps fixed and grow instead the NN infinitely deep. No information
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can then propagate from the input layer to the output layer with probability one due to the
percolation phenomenon. Consequently, there must be an intermediate scaling regime—one
in which both time and space are scaled simultaneously—to which the ODE method can
potentially be applied, and in which percolation affects whether dropout converges. Precisely
this warrants further study.

The generality of the sample complexity result in Section 3, as well as the heuristic argu-
ments of Section 5 suggest that dropout increases the complexity of learning from empirical
data when using dropout SGD. For a fixed training budget, an interesting follow-up question
is what is the benefit of increasing the complexity in training that comes from dropout regu-
larizing and improving the generalization capabilities of the trained model. In this question
is then implicit what is the best choice for p that makes the training with dropout optimal
given a training budget.
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Appendix

Appendix A. Backpropagation Algorithm

We define the backpropagation algorithm used in Section 2 to compute the estimate of the
gradient.

Definition 15 Assume o € CY(R). Given weights W € W and input-output pair (z,y) €
R% x R the tensor By (z,y) € RULXI-1 x ... x RAXdo s calculated iteratively by:
1. Computing Ay, ..., Ar using Definition 4.
2. Calculating fori=L—1,...,1,
Ry =A;=(y—WrAp_1) € ]RdL,
R; = (WEHRZ'-H) ® (UI(WZ'A,'_l)) S R% (61)
3. Setting for i € [L], (Bw (=, y))Z = 2R;AT .
Definition 15 is essentially a computationally efficient manner of calculating the gradient
Vi(Vyw(x),y) in (1), leveraging the NN’s layered structure together with the chain rule of
differentation to come to a recursive computation of the partial derivatives.

Appendix B. ODE Method

Regarding our second result in Proposition 13, observe that GD on a limiting ODE is not
exactly a dropout algorithm. Analyzing GD’s convergence rate however is an important
stepping stone towards analyzing the convergence rate of dropout algorithms. To see the
mathematical relation, consider that any dropout algorithm updates the weights

Wl Z ppll o o dnd Alnt) (62)
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randomly for n = 0,1,2,---. Here, the a{™ denote the step sizes of the algorithm, and the
A1) represent the random directions that result from the act of dropping weights. As we
will show in this paper under assumptions of independence, these random directions satisfy

E[APT WOl owi) = —vpw ) (63)

for some continuous, differentiable function D(W). Observe that the algorithm in (62) satis-
fies Wt = Wil ol (—vD(W )+ M) where MM = B[ADRHT | Wl Wil —
AT describes a martingale difference sequence. This martingale difference sequence’s ex-
pectation with respect to the past WO ... W is zero.

For diminishing step sizes o™}, we can consequently view dropout algorithms as in (62)
as being noisy discretizations of the ordinary differential equation

v = —VD(W(t)). (64)
dt
In fact, we employ the so-called ordinary differential equation method (Kushner and Yin,
2003; Borkar, 2009), which formally establishes that the random iterates in (62) follow the
trajectories of the gradient flow in (64). Hence, after sufficiently many iterations n and for
a sufficiently small step size «, the convergence rate of the deterministic GD algorithm

Wit — wint _ qvpwinh (65)

gives insight into the convergence rate of the stochastic dropout algorithm in (62).

Appendix C. Projection Operator

We define here the projection operator m used in Section 3. Say that H is defined by [
smooth constraints ¢; : W — R, i = 1,...,1 satisfying 1(W) < 0,...,q(W) < 0, ie.,
H={WeW:qW)<0Viell}. Denote by VD|y (W) the gradient of D(WW) restricted
to H and let TwW be the tangent space of W at W. Suppose that Vg;(W) # 0 whenever
qi(W) = 0, and that these are linearly independent. At any point W € 0H, we define the
outer normal cone

CW)2{veTwW : V(W >0forie[l]st. ¢(W)=0}. (66)

We also assume that C'(W) is upper semicontinuous, i.e., if W e By (W, ), where By (W, 0)
is the ball of radius § > 0 centered at W and intersected with H, then C(W) = Nsxo
(UWGBH(W@C(W)). Let 7(W) & —t1[W € OH] with t € C(W) minimal to resolve the
violated constraints of D|y (W) at W € 9H so that D|y (W) + m(W) points inside H. In
particular, we have

l

T(W) ==Y N(W)Vg(W) € —=C(W) (67)
=1

where {\;(W) > 0}._, are functions such that \;(W) = 0 if ¢;(W) < 0.
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Appendix D. Proof of Proposition 6

The proof of Proposition 6 relies on the framework of stochastic approximation in Kushner
and Yin (2003). Specifically, Proposition 6 follows from Theorem 2.1 on p. 127 if we can
show that its conditions (A2.1)-(A2.6) on p. 126 are satisfied. In the notation of Sections 2,
3, these conditions read:

(A2.1) sup, E[|AF]|p] < oo;

(A2.2) there is a measurable function g(-) of W and there are random variables S+ such
that
EIAUT | ) = g(wl) + g0+, (68)

where F; denotes the smallest o-algebra generated by Usgt{W[O], (Flsl, X8y lshyy,
(A2.3) g(-) is continuous;

(A2.4) the step sizes satisfy

Z ottt = 0o, al™ >0, al™ — 0 for n > 0 and o™ = 0 for n < 0; (69)

t=1
i {t} (70)

t=1

(A2.5) 3, ol 8| < 0o w.p. one;

(A2.6) g(-) = —VD(-) for a continuously differentiable real-valued D(-) and D(-) is constant
on each stationary set S;.

We next also state for your convenience Theorem 2.1 by Kushner and Yin (2003) in
the notation of this paper. Their result does require some notation, as it characterizes the
limiting behavior of the iterates of

Wit = py (W — q Al 1) 2 gyl _ g Al ZIn 1] (71)

For any sequence of step sizes al™ satisfying (A2.4), define ty = 0 and t, = 1= ali}.
Define the continuous-time interpolation

Wil for t, <t<tp.l,
wo<t>={ o In =it (72)

Wil for ¢t <o,

as well as for m € Ny, the shifted processes Wy, (t) = Wy(t,, + t) for t € (—o0,00). Let
furthermore o(t) = inf{n € Ng : t,, <t < tp41} fort € [0,00), and o(t) = 0 for t € (—o0, 00),
and define

o)-1 {i} 7.
A Se! ; for te|0,00),
Zo(t) = 2i=0 0, 0) (73)
0 for te€ (—o0,00),
as well as for m € Ny, the shifted processes Z,(t) = Z?ﬁn”;+t)_1 for t € [0,00) and Z,,(t) =
— Z?i;(ltm+t) ol Z; for t € (—o0,0). The following now holds:
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Theorem 16 (A part of Theorem 2.1 by Kushner and Yin (2003)) Let conditions
(A2.1)-(A2.5) hold for algorithm (71), with the projection onto H being as described in
Appendiz C. Then there is a set N of probability zero such that for w & N, the set of
Junctions {Wy,(w, ), Zm(w,-),m < oo} is equicontinuous. Let (W (w,-),Z(w,-)) denote the
limit of some convergent subsequence. Then this pair satisfies the projected ODE (16), and
(Wl (W)} converges to some limit set of the ODE in H. Suppose that (A2.6) holds. Then,
for almost all w, {W(w)} converges to a unique S;.

In order to apply Theorem 16 and arrive at Proposition 6, we verify conditions (A2.1)-
(A2.6) through Lemmas 17-19 shown next in Appendix D.1. These lemmas are proven in
Appendices D.1.1-D.1.3, respectively.

D.1 Verification of Conditions (A2.1)—(A2.6)

First we assume conditions (N1)—(N3) and we prove that the variance of the random up-
date direction in (4) is finite. This verifies condition (A2.1). The proof can be found in
Appendix D.1.1:

Lemma 17 Assume (N1)-(N3) from Proposition 6. Then sup;cy IE[HAFH]H%] < oo for
i=0,1,... L.

We prove next that if 0 € Cp5(R), then the random update direction in (4), conditional
on all prior updates, has conditional expectation VD(WM). Lemma 18 verifies conditions
(A2.2), (A2.3), and (A2.5) (in particular, here 8l = 0). The proof can be found in Ap-
pendix D.1.2:

Lemma 18 Assume (N2)-(NJ) from Proposition 6. Then E[AIY|F] = vD(WH). Pur-
thermore, VD : W — W is r — 1 times continuously differentiable.

From these conditions the first part of Proposition 6 follows. To prove the second part
of Proposition 6, we have to prove that the set of stationary points Sy is well-behaved in
the sense that D|g, (W) is constant. If an objective function is sufficiently differentiable, this
is guaranteed by the Morse—Sard Theorem (Morse, 1939; Sard, 1942). In the present case
however we must take into account the possibility of an intersection of the set of stationary
points with the boundary 0H. Assuming (N4) and (N5) provides sufficient conditions. The
proof of Lemma 19 can be found in Appendix D.1.3:

Lemma 19 If (N2)-(N5) hold, then D(W) is constant on each S;.

Since Conditions (A2.1)—(A2.6) of Thm. 2.1 on p. 127 in Kushner and Yin (2003) are

now proven satisfied, the proof of Proposition 6 is now completed. B

D.1.1 BOUNDEDNESS OF Altt IN EXPECTATION — PROOF OF LEMMA 17

We need to carefully track all sequences of random variables created by a dropout algorithm
throughout this proof, which we state here first explicitly.
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Definition 20 (Dropout iterates) During its (t + 1)-st feedforward step, the algorithm
iteratively calculates

At = xt A = ol o BT Al (74)
fori=1,2,...,L —1, to output

v () = il o AT AT = Af. (75)

Flt+1llowlt]
Subsequently for its (t + 1)-st backpropagation step the algorithm calculates
R[LH_” _ (Y[t+1] — (W [t] o F[H_l}) [t‘H]) RdL

Rgt-i-l} (!

j+1 Jj—

iteratively for j =L —1,...,1. The algorithm then calculates
1 1 1 1
A = —2p* Y @ (R (AT (77)
fori=1,...,L, and finally updates all weights according to (13).

The idea of the proof of Lemma 17 is to expand the terms in AFH] defined in Definition 20
recursively, and identify a polynomial in variables {||Y[|5]| X |5 }men, and n = 0,1,2. We
will use several bounds that pertain to the Frobenius norm, written down in Lemma 30 in
Appendix J, and we will iterate these in a moment.

First, we will prove two bounds on the activation function applied to an arbitrary matrix
A. Recall that o € C%5(R) by assumption (N1). There thus (i) exists some Cp, ko > 0 such
that |o(z)] < Co(1 + 22)* for all z € R, and there exists some C1,k; > 0 such that
lo’(2)] < C1(1+ 22)* for all z € R. Let k = max{1, ko, k1 }. Then

Lemma 30
lo(A)§ = Z | (Aig) < qe > 1+ A" | < ) Ca(L+ || Aflr)** (78)

7j

for some constant Cy > 0. Similarly there exists some C3 > 0 such that |o/(A4)| <
C3(1 + ||Allr)*. Note furthermore that (ii) for all I > 0, by submultiplicativity of the
Frobenius norm,

(i)
(141 40(B)[p)" < (1 + | Alpllo(B)|r)’

(78) l

< (1+ G2 1AIr (1 + | BlIlp)*)' < Ca(L + AR A+ |IBle)™  (79)

for Cy = max{1, C’é/ 2} > 0. Again, a similar bound holds for ¢’.
Next, note that we have by (i) submultiplicativity and Lemma 30 that

JAL I = E  (REFI AT S B R A e (80)
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The first term is bounded with probability one: Fi[ﬂl € {0,1} for all i,7,1,¢t. For the second
term, consider the following bound:

76
IR ol o B TR o o (Wl © B Al
(Lemma 30)
< i e FE sl (W o B AT I RE e (81)

for 1 <4 < L, where we have also used the submultiplicative property. For the third term,
consider the next bound: (i) recursing (79) with A = I and B = (ij © F]-[Hl])Ag.tle etc,
we obtain that there exists some C5 > 0, say, so that

78)
1A e @ o FE AL e € o1+ Wl © P AL (s2)
(Lemma 30)
< G+ Wl e FF e+ Al ek
(i) - !
< Cs(1+ | X)) H (L+ W o F )

for j =1,2,...,L—1. Similar to the derivation in (82), we obtain instead with ¢’ that there
exists some Cg > 0 such that

PR -1
HJ/((W][H @Fj[t—‘rl])ijl”)HF < 06(1 + HX[tJrl}H2)k H(l T HWl[t} @FZ[tH]HF)k . (83)
I=1

Recall that HA[tH e < HF[tH]HFHR[tH]HFHA[H”HF. This, together with using (81) repeat-
edly for j =14,...,L — 1, and (82), (83), yields the following inequality

jaly, e e | RY e AV H wh e

P +1] I;[y + (!
]—‘rl ‘7[:-1 H || (( [t [t l]) [t ])HF
Jj=t

J—
(82) [t+1] 1)y A TT (1] 1]k
< G| F e (1 4+ X )M T + 1w o 5 )
=1
x | R Hn o S el (W o FFY Ay

(83) i -1 il
< ColFP e (1 X )M TT @ + 1w @ B )"
=1

J
1 1] kI 1 kit
< IRY g Hn o FE e (1 + x0TI+ 1wl o 574 ))

=1
< Crl| Y e R HF(H Il o FiMir)
Jj=t
P o T 2k~
% <H (1 + ||X[t+1]H2) H(1 + ||I/Vl[ﬂ o FZ[HI]HF) >
j=i =1
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= Cr| B RE) (HHW“ o Fi )

—1 3 -
(1 + ”X[t+1 H (H H 1 + HI/Vl[t] @F}[t+1}“F)2k7 l). (84)

Lastly, we bound ||R[Lt+1} |lr. By applying (i) subadditivity of the norm ||A + Bl < ||Allz +
| B||  and then using the elementary bound (a+b)? < 2(a?+b?) as well as submultiplicativity,
we obtain

HRL*”H @ vt - wl o ittty Al (85)

t t+1 t+1
2 Iy 4wl o FE e ALY

L—1

82 L1 L—1
DIy 4wl o B (1 4 X ) [T +2w e 7 )p)"
=1

By combining inequalities (84), (85) and upper bounding the exponent k“~! of the term
14 | XE|p in (85) by ZZL ' k7, we conclude that

INas
oS L1y t+1 t t+1 t 1
< Cg|[ VI |o (1 4 || X+ ) 2 2= ¥ EE e py (i) @ B, ol @ U )
L i
+ (1 + | X o) 2 == M e py (Wl © F e, Wi o P R) (86)
for i = 1,..., L and some constants Cg, Cy and polynomials P;(z1,...,z2r), P2(21,...,2L),

say, the latter both in L variables. Because of the projection and by definition of H, there
exists a constant M such that ||I/Vi[t] |lr < M with probability one foralli =1,..., L, t € Ny.
Furthermore, HFi[t]HF < maxj—g,. -1/ didi+1 with probability one for all i = 1,...,L,
t € N4. These two bounds, together with (86) and the fact that P;, Py are polynomials, as
well as the hypothesis that E[||Y[|5"]| X||5] < coVm € {0,1,2},n € Ny, implies the result. B

D.1.2 CONDITIONAL EXPECTATION OF Al — Proor oF LEMMA 18

Let i € {1,...,L}, r € {1,...,dis1} and | € {1,...,d;}. Recall that F; is the smallest o-
algebra generated by {W[ (Flsl, X1 yIs1)} ;. and note that W is Fj-measurable. The
(i) Fi-measurability of W together with the (ii) hypothesis that the sequences of random
variables {(F[, X[s| Y1)} oy, isiid. implies that

[A[t]rl’ft] (4) [( [tH]BF[m] W[](X[t+1]’y[t+1}))

7,0

7

i,7,l

= / FiBrowin (X, V)i dPFIT = F X = Xyt = v

(14) (¥ peym(X),Y) [t] [t+1) [t4+1] [t+1]
= F;, WY dP[F =FX =X,Y =Y
/( 1l a(Fi,r,l‘/;;,r,l) ) ( ) [ ]
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_ / 8l(\IJF®V[t] (X),Y)

[t] dP F[t+1] —F X[t+1] - X Y[t+1} — Y.
ot S22 vt a , , G

Next, we need to check that we can exchange the derivative and expectation. Note that we
have the same assumptions E[||Y||5*||X||5] < coVm € {0,1,2},n € N as for Lemma 17.

as well as that 0 € Cp(R). Therefore, by (86) in Lemma 17 we have that \Agt:rll]\ is

upper bounded and moreover E[Az[t:l”] < Cy for some C'y < oo only dependent on H. The

interchange is then warranted by the dominated convergence theorem. Hence continuing
from (87), we obtain

0
aVVi,r,l
© OD(W)
B aI/Vi,r,l .

E[AY

z,r,l’ft] = /l(\IJFGW[t] (X),Y) dP[F[tH} = FjX[t+1] = X,y[t+1] =Y]

If 0 € Cpp(R), then for any multi-index s on the set of weights, a bound similar to (86)
holds by the chain rule:

0°U(Y, wor (X)) < IV IpPrs(IWillg, - WLl {1X 12320
+ Pos(IWallp - IWellg {I1X 1123 527) (88)

where Pj g, P> s are polynomials and n,1,ns2 are the top exponents in the expansion in
| X||r. Hence, using the assumption E[||Y||5[| X|[|5] < coVm € {0,1,2},n € N, we obtain
for any W € K C W a compact set that E[|0°l(Y, Ywer(X))|] < Ckx . In particular
we can apply the dominated convergence theorem and conclude D(W) € C™~1(W) with
PD(W) = ElU(Y, Diyeop(X)).

D.1.3 CONSTANT D(W) ON A CRITICAL SET — PROOF OF LEMMA 19

We use Sard’s theorem (Sard, 1942) to prove Lemma 19, which gives sufficient conditions
for condition (A2.6):

Proposition 21 (Sard, 1942) Let f : M — N be a f € C" map between manifolds with
dim(M) = m, dim(N) = n. Let Crit(f) = {z € M : Vf(x) = 0} be the set of critical points
of f. If r >m/n — 1, then f(Crit(f)) has measure zero.

Proof of Lemma 19. By Lemma 18, we have D(W) € C"(W). By assumption (N5) we have
that if W € OH and D(W) + n(W) = 0, then D(W) = 0. Furthermore W € S; for some
j, i.e., the critical points of D(W) 4+ n(W) are {W € W | VD(W) = 0} N H. We apply
Sard’s theorem (Proposition 21) to D(W). We have that if » > dim(W), then D(S;) C R
has measure zero. Since S; is connected there is a continuous path z,4 : [0,1] — S; joining
any two points a,b € S;. By continuity of D(W) we must have then D(a) = D(b), since
otherwise we would have [D(a),D(b)] C D(S;) which has positive measure in R. Therefore
D(S;) must be a constant. B

Remark that in Lemma 19 the condition » > dim()V) cannot immediately be elimi-
nated. When r < dim(W), there are examples of functions which are not constant on their
connected critical sets, see e.g. Hajlasz (2003).
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Appendix E. Proof of Propositions 7 and 8

We use standard tools for proving convergence to an e-stationary point (for a reference, see
Bottou et al. (2018)). We require first the following bounds on the variance induced by
dropout.

Lemma 22 Assume that F' is a random variable satisfying (Q4). If f is a vector of random
variables with distribution F', then

(i) E[If — ELf)lh] = 2Np(1 - p).

(ii) B[l - ELfI12] = 2N%(1 - p).

Proof We prove first (i). Recall that f € {0,1}". If we denote by f; the ith entry of f,
then note that from (Q4) P[f; = 1] = p and so E[| f; — E[fi]|]] = E[|fi — p|] = 2p(1 —p). From
linearity (i) follows. For (ii), we have

E[If - EAIR] = S E[1f - ] + SB[ - pllss - ol
i i#j
< 2Np(1 = p) + 2N (N — 1)p(1 — p) = 2N’p(1 — p), (89)

where in the last inequality we have used the Cauchy—Schwartz inequality. |

In order to prove both Propositions 7 and 8 simultaneously, we will temporarily redefine
in this section D as

VD(w) = E[cF © VU(W © cF)], (90)

where ¢ > 0 is a constant. Later on we will specify both ¢ = 1 for Proposition 7 and ¢ = 1/p
for Proposition 8, respectively.

Lemma 23 Assume (Q3) and (Q4), that is, VU is (-Lipschitz and the distribution of the
filters is {0,1}-valued. Then, VD is also c*¢-Lipschitz.

Proof Using (i) Jensen’s inequality with the norm, we have for a fixed w,s € W that
IVD(w) = VD(s)|l2 = [Ef[cf © VU(w © cf) = c¢f © VU(s © cf)][|2
®
< cEf[quVU(w@cf) - f@VU(s@cf)Hg}
(ii)
< By [IVU@w @ ef) = VU(s © cf) o]
(iii)
< clEf [Hw@cf - 8®CfH2:|

(ii)
< LBy [Jw = sllz) = Ptllw — sl (91)
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where we have also used (ii) the fact that for a vector u and {0, 1}-valued vector f we have
| ©ulla < ||lull2, (iil) VU is £-Lipschitz. |

The proof of the following lemma can be found in Appendix E.1.

Lemma 24 Assume (Q1)-(Q4), then for any w € W with ||w|l2 < R, we have

E[Hvo(w) —cf © VU o cf)|3] < ANp(1 —p) (482 + 6eN?((2R2 + 2c(R)).  (92)

We obtain in the next lemma a simple bound for the variance of the gradient that depends
on the data.

Lemma 25 Assume (Q1)-(Q4), then for any w € W, we have

E, s [Hcf OVU(wocef)—cf ©@Vr(wo cf, z)||g] < 4¢’pNS2. (93)

Proof We use first the definition of U as an expectation. We have

E.s|llef © VU(w @ ef) = ef © Vi(w o cf, 2)|3]
= CE..[[Eolf © Vr(w O cf,20)] - £ © Vr(w © f, 2)|3]
< CB. g [E.,[If © (Vr(w O cf,20) = Vr(wo e, 2)2] |

<R, g [B.,[251111]

(i)
< PR, s [45%) 3] = 4N S?, (94)
where in (i) we have used the upper bound for ||Vr(w ® cf, z)||2 from (Q2) and in (ii) that

since f; € {0,1} for all i € [N], we have ||f||3 = ||f||1 so using linearity with (Q4) the bound
follows. |

By (Q3)-(Q4) and Lemma 23, VD is c2/-Lipschitz. In this case, we can then use the
following common argument: if VD is c2/-Lipschitz then we have the inequality

2
DWWty < pw ) + (vDwl, w1 — ity 4+ %énw[t-&-l] — w3 (95)

We can then use the definition of W to write
D(W[t+1]) < D(W[t]) - Oé{t}<VD(WM),CF[t+1] o) VT(W[t] o CF[t+1], Z[t+l])>

29 {t}\2
4 SO ot wp(wl) @ i, 201 3, (96)
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Let F; be the o-algebra of (W, U Zz0U  wll pll zW) Conditional on F;, FIH @
Vr(Wl @ FIH1 ZI41) s an unbiased estimator of VD(W ) so that by linearity

E[(DW ), cFitl o VWl o e, 200y 7] = [y 3. (97)
Similarly to (97), we can decompose
E [HCFM o Vr(Wl o cFltl z ““])H%)E]
—E [||cF[t+1] o V(W @ cplH ZIH1) _ cpll] o vywlt o cplt)
+ cFH o VUl o) 3 7
_E [||CF[f+” o vUWwh @ cF[t“])Hg)ft]
+E [||cF[t+” o VUMW @ crH1y — cplH o wr(wil @ cFlH1], z[t+ﬂ)||§‘ft}
+ 2K [<cF[t+” © VUWI @ cFliHy — cplitll o vr(wll @ cplitt]] ZIH,
cFH o yuw o cF[t+1])> ‘ft}

= E[HcF[H” ovuwl e cF[t“l)Hg)ft]
+E[eF 1 o Ul @ cFlt) — P o wr(wl @ cplt, Z[t+”)||§‘]-"t} . (98)

where in the last step the cross-term vanishes since, by using the independence assumption
of Zt+1 and FM. If we take the expectation with respect to ZI+1 first, then we find

E i1 [cFITY o Vr(WH @ cFIFY) ZI010) B = e o vUWH @ cFIFY. (99)

Similarly, we can add and substract VD(W) in the first term and repeat the argument
with the definitions of VU and VD in (90), where we take the expectation of (98) with
respect to FtH1) instead. A similar cross-term vanishes. We then obtain

E[lleFi @ r(wl @ crt1, 2150 31 7| < v )3
+E[IVDW) — ert+1 o vuwll ¢ cF[””)H%‘]-}] (100)
+E [HCFW] © VUWI o ety — cptH o (Wl @ cplittl) zl10y )2 ‘ft} .

Define the constant J. = S? + %N2c(€2R2 + 2¢/R) depending on c¢. Using the bounds of
Lemma 24 together with assumption (Q5) and Lemma 25 in (100) we obtain

E|[|F o vrwh o Fi, z[t+ﬂ)||§\ft} < [|[VD(W) |3 + 4¢*pN S? + 4c* Np(1 — p) Je..

(101)
Substitute now (97) and (101) in (96). After taking the expectation, we can use a
telescopic sum in (96) with the previous bounds, which yields

T t
>l (1 - L2y [vp (vt ] < ED(VO) - EDEYT)
t=1
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T
+2cMNp(S? + (1 —p)Je) Y (al)?.
T am

By (Q1) we have E[D(W)] — E[D(W!T])] < 2M independently of c¢. Assuming that ol <
ﬁ for all t € [T], we then have

AM + 40c*Np(S? + (1 — p)Jo) S, (afth?
te[T) g adtt
We not proceed with proving Propositions 7 and 8.
Proof of Propositions 7 (a) and 8 : If at*t =1 is a constant in (103), we find
, AM + 4n*0c*Np(S? + (1 —p)J.)
E|[VDWH)3| < e, 104
min B[ VD(W ) 3] < T (104)

Minimizing the bound over 7 yields that the minimum occurs at 7% = M/({Nc*p(S? + (1 —
p)Je)T). For this n, the bound reads

M{IN
min E[|[VDWH)|[3| < 4/Tp(S2+ (T = p)Jo)y | = (105)
te[T) T

For proving Proposition 7 (a), set ¢ = 1 in (105) as well as J. = J = 52 + 3N?(¢?R? +
2(R). Note finally that the condition 7 < 1/(c*¢) = 1/¢ is satisfied, for example, if p >
M{/(NS?T).

For proving Propostion 8, set ¢ = 1/p in (105) as well as Jy, = S + SN2(PR? +
2¢/p)/p. Note finally that the condition n < 1/(c?¢) = p?/¢ is satisfied, for example, if
p> MU/(NS?T).

Proof of Proposition 7 (b): Let ¢ = 1 and denote J; = J in (103). We can also set
ol = 1/(0\/1). Tt is easily verified that for T > 4:

T T
{t} @ {t}\2 M
; at? > = and ;(a )° < . (106)

/2
Substituting these bounds in (103) yields the result. B

E.1 Proof of Lemma 24
Noting that we have temporarily the definition VD(w) = E[ef ® VU(w @ ¢f)] we can write

E[IVD(w) - ef ® VU(w @ cf)[}| = Ep, [IEplefo © VU(w @ cfs) = cfi © VU(w © cfu)] 3]
=By, [[Eplcf2 © VU(w ® cfs) = cfo © VU(w @ cfy) + (107)
+ ey © VU(w ® cfi) — ch © VUw o cf)]3]

(i)
< Ep [ [lef2 © (VU © efo) = VU @ ef)) +elfa — f1) © VU@ O efi)la] |
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(if)
< Ep[Es[lef © (VU @ ef) ~ YU(w © cfi)) |z + lle(l — f2) © VU @ efi)a] |-

where (i) we have used Jensen’s inequality for a vector-valued random variable v, namely
IE[v]|l2 < E[||v]|2], and (ii) the subadditivity of the norm |ja + b||2 < |lal|2 + ||b]|2 for any
a,b € RV. We now note that

lef2 © (VU(w © cfa) = VU(w @ cfi))3 =D P Vil(w @ cfz) — Vil(w © ¢fi)]?

) ) . (ii)
<Y ERPwoch—wochl3 <Y fC|fa— AlllwlE < I falhllfa = AlLCR?,
(108)

where we have used (i) the Lipschitzness assumption of VU from (Q3), and (ii) the facts
that ||w|2 < R? and || f2/|3 = || f2]l1. The latter is true because for any vector f with entries
{~1,0,1}, | £1I2 = || f]l1. We can reason similarly with f; — f.

Using (Q2) we can also bound

le(fo = f1) © VU(w & fi)l13 < [l f2 = fill15%. (109)
Hence, we have in (107) that

Ep[Epllefs © (VU(w 0 cf2) = VU(w o efi))|l2 + e(fa — f1) © VU(w @ cfi) )]
<Ef[Ep @ Rl ?fa — AR+ | fo — £1177S)7

<Ep,[Eplf2 — Alli(elf2l >R + 5)?]

<Ep ]l f2 = Al (Al £l R + c| f2]ly/*25¢R + )]
(ii)

< Ep plllfo = filli(el f2lli (P R? + 2¢(R) + S?)],  (110)
where (i) for a random variable v we have E[v]? < E[v?] and (ii) HfQHi/Q < || f2]]1 since either
I f2]l1 = 0or || f2|l1 > 1. We can now add an expectation term in the norm || fo— f1]|1 < ||f2—

Elfalllh+ /1 =Elf1]ll and [| fally < [[fo=ElfolllL+][E[f2]ll1- Here, [[E[f2][l1 = [[E[f1][ls = pN
by (Q4). Hence, from (110) onward we can write

Epy,p[¢|lf2 = filli(cl fol L (PR? + 2cR) + )]
<Ep.p | (If2 = Elf)l1 + [/ = ELANNL) (ll f2 = E[f] [ (€ R + 2¢LR)(1 + pN) + 52)}

= Ep,.p, ¢ (If2 — ELRIIE + 1f1 = ELAi)l 12 — ELfel ) (B2 + 2¢R)(1 4 pV) |

+25°Ey, [|1 > — Elp)l]

< Epp :03(Hf2 —E[f]lIf + /1 — ELAJll1 ]l f2 — E[f2] 1) ((°R? + 2¢¢R) (1 +pN)}
+ 4c*S*Np(1 - p)

< Ep [63(||f2 —E[fo]|} + 4N?p*(1 — p)?) (PR* + 2¢LR)(1 + pN)} +4cS2Np(1 - p)
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(ii)
¢ (2N?p(1 — p) + 4N?p*(1 — p)?) ((*R? + 2¢(R) (1 + pN) + 4c*S*Np(1 — p)

= ANp(1 — p)(c(2N + 4ANp(1 — p)) (1 + pN)((2R2 + 2c(R) + 452)

(iv)
< Np(1 —p)(4S? + 6¢N?((2R? + 2¢(R)), (111)

where we have used (i) Lemma 22(i), (ii) independence of f; from fo and Lemma 22(i) again,
(iii) Lemma 22(ii), and (iv) bounded 1+ pN < 2N and p(1 —p) <1/4. W

Appendix F. Path Representation of D(IV') — Proofs of Lemma 10 and
Corollary 11

Proof of (31). Recall that Gr = (Ep, V) is a random subgraph of G = (€,V) with edge set
Er ={e € &: F. =1} By (i) the law of total expectation, and by (ii) independence of F
and (X,Y),

dr,
D) =E|> (Vy- > PFX,)’
=1

yel(G)
. dr,
OYEY (- Y PX)[(Gr =g} |PlGr =)
geG  f=1 Yerf(Gr)

.o dL
OS> - Y px) (112)
F=1

9€g ~elf(g)

Proof of (32). Expand (112) to find

W)=Y uE [fZ(Yf—wf > OPXut Y > PXuPXs)|  (113)

geg ~eT 4 (g) yel'f(g) 6er/(g)

Setting 7, = Z{gegher(g)} [tg, We obtain

S Y (e Y Y rem)

g€ I=1~€Tf(g) v€l(g) 6€IL(g)
(114)
= Z WWE[(Y’YL_P"/X’YO)2:|
vel(G)
—ZMQE[Z 3 (( 0 )|)Yf PX,, > PiXg)]
geg f=lrel'f(g serf (g)\{r}

after rearranging terms. This completes Lemma 10’s proof after identifying (W) and
R(W) here as the left and right sum, respectively.
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To prove Corollary 11, consider that since for an arborescence R(W') = 0, we can write

2 ””E[(Y%_PWXWOV} (115)
YEl(G)
E[Y,, X 2 .
= > A (T - p) e X m(EvE - T
v€(G) o ~el'(G) Yo

Here, (iii) follows because since Z(WW) > 0 and Z(W) = 0 at z, = P,, what remains must
be the optimum. This completes the proofs of Lemma 10 and Corollary 11. B

Appendix G. Conserved Quantities — Proof of Lemma 12
For any edge f € &,

Wit = Y [Z - 2 PX)( Y R

geg e=1 yere(g) 5€Fe(g;f)
- ZMQE[ LT PWX%)P(;X(;O}. (116)
geg 5€T(g;f) Y€ETIL(g)

Note that I'(g;1) = Fl(g) for any leaf [ € £L(G) and g € G, and therefore in particular
=Y ns Y E[2(Ys - Y PXo)PiXs, ). (117)
9€g  seT(g) V€L (g)

Recall that L(G; f) is the set of leaves of the subtree of the base graph G rooted at f € £.
By the fact that {T'(g; ) }iec(c;y) partitions I'(g; f) for any g € G, viz.,

D(g; f) = Viec@pl'(g; ), Th(g; f)NT2(g; /) =0 forall ly #£1p,g€G,  (118)
it follows that 8 817
= 11
leL(G;f)

Note in fact that this proof works for any base graph G that has no cycles and only length-L
paths, so not just an arborescence. This is why we make Assumption (N6’) as opposed to
the stronger Assumption (N6) in Corollary 11. W

Appendix H. Proof of Proposition 13

The proof of Proposition 13 is by double induction on the statements A(t) = {Z(W{}) <
T(Wis—1e 2minie s ¢ [t]} and B(t) = {W} € K,V¥s € [t]} where K > 0 is a free
parameter and K is a compact set which we will define. Concretely, we prove that there
exist o and « such that A(t)NB(t) = B(t+1) and A(t)NB(t+1) = A(t+1). Appendix H.4
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describes in detail how the upcoming Lemmas 2628 provide sufficient conditions for the
induction step. There we also maximize the upper bound on the convergence rate over s,
which gives the rate in (41).

We start by giving Lemmas 26-28. Recall first the definition of the set B(e, I) in (39).
Here, with a minor abuse of notation, we define also

B(e,{Cy}rea\c@) £ {W e W[Z(W) < e W7 — Y Wi =0y} (120)
leL(G;f)

where {7'} £ T'(G) for | € L(G) if G is an arborescence.

Lemma 26 Assume (N2) from Proposition 6 and (NG) from Corollary 11. Then:
(i) If € >0 and |Cy| < oo for f € E\L(G), then the set B(e,{C}see\r) is compact.
(i1) If max er(q) |2zy| < MP¥, then the function T(W) is B-smooth in S with = 6Vpay -
[E(G)ID(G)| M2,

Lemma 26 implies that B(e, I) is compact and that D(W) is S-smooth on the compact set
K =S8SNB(eI), e,

D(W') — D(W) < VD(W)" (W' — W) + B[W' — W3 (121)

for W, W' € K. Its proof is deferred to Appendix H.1.
Next, Lemma 27 gives a lower bound on the curvature of D(W) on K in the direction of
VD(W), in the form of a PL-inequality (Karimi et al., 2016). Its proof is in Appendix H.2.

Lemma 27 Assume (N2) from Proposition 6 and (N6) from Corollary 11. If Wi € Sn
B(e, I), then

IVDW )12 > duin(CELYE-D(DW ) — D(WOPY)). (122)

Lemma 28 proves that the conserved quantities of the gradient flow remain bounded
under the GD algorithm in (27). This lemma allows us to keep track of the iterates in the
compact set K = SN B(e, I) by relating them to conserved quantities and exploiting the

fact that under GD \C}Hl} - C]{et}\ has order O(a?). Appendix H.2 contains its proof.

Lemma 28 Assume (N2) from Proposition 6 and (N6) from Corollary 11. If W € S, and
O > 0 for all f € E\L(G), then 40 |v||; ML=V (DW ) —D(Wert)) > |of 1 -l

A note on the exchange of derivative and expectation in this section. Whenever we make
both Assumption (N2) in Proposition 6 and (N7) in Lemma 10, the exchange of derivative
and expectation is warranted. This occurs several times throughout this section. We refer
to the proof of Lemma 18 for the details.
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H.1 Compactness, and Smoothness — Proof of Lemma 26

In the proof of Lemma 26, we will upper bound the operator norm of the Hessian. Recall
that for a symmetric bilinear matrix A4, [|Af,, = SUP|y |, =1 [vT Av.

Proof of (i). By continuity of the conditions in (39), the set B(e, {Cf}ce\z) is closed. We
need to prove boundedness. Let W € B(e, {Cf}see\z), and suppose w.l.o.g. that for
some f* € E\L we have [Wy+| > Q, where Q@ > maxjce\ £ 1er(@)1C)l, 124} We want to
find a path v € I'(G) such that P, is large for a contradiction with the assumption that
Z(W) < e. By (35), we have the inequality ¢, p0) W2 > @Q? — |Cy+| so that for some
I* € L(G; f*) we must have W2 > (Q — |Cy+|)/ |L(G; f*)|. Consequently, we have by (35)
that |W,|* > (Q*— |Cp+)/|1L(G; f*)| = |Ce| for any edge e € v in any path v € TV (G) except
for the edge f* where we have |Wy«| > @ by assumption. In particular, we have the bound
[We| > O(Q) for any edge e € ~ for any path v € I'(G; f*). Therefore if we pick v € I'(G; f*)
we have 39)

e > I(W) > vy(z — Py)? 2 v (|Py| — |24])7 > O(Q*F) (123)
for sufficiently large @, which is a contradiction. We must thus have |[Wy«| < @ for some
@ < oo. If on the other hand |W;| > @ for some [ € L(G; f*), by (35) we must also have
(W) > Q2 + Cp+ > O(Q?) for sufficiently large Q. This case is, thus, the same as before.

Proof of (i). Using a regular upper bound to the entries of V2Z(W) when W € S will
suffice. Element-wise, we have

(VQI(W))M (124)
Ps Py Ps e » o
2> 5er(G)nT(Gi) Vﬁ(mwj = wor; (3 — P’y))a if i #5,0(G;i)NT(G;j) #0,
_ P. e .
- 2276F(G’;i) VV(WDQ if 1 =7,
0 otherwise.

Hence, noting that since we have |[Wy| < M for all f € £ on S, we can bound |P,/Wy| <
ML= |2,| < ML and the other terms similarly. We upper bound the number of terms
in the sum over I'(G; ) and I'(G;4) NT'(G; ) by [I'(G)| and vy < Vmax. Adding all terms,
we obtain that 6vyax |T'(G)| M2~ is an upper bound for each of the entries of V2Z(W).
This gives an upper bound ||[VZZ(W)||op < 6/€|vmax |T(G)| M2E~D in S. B

H.2 PL-inequality on a Compact Set — Proof of Lemma 27
Recall the definition of a PL-inequality:

Definition 29 Let u € C?(K,R) where K C R™ is compact and K\OK # (0. Denote
by u* = mingex u(x) and suppose that v* € K\OK. We say that u satisfies a Polyak—
Lojasiewicz (PL) inequality if there exist a T > 0 depending only on K such that

||Vu(ac)||§ > 1 (u(z) —u*) foral z€K. (125)

A PL-inequality together with S-smoothness on a compact set will imply that ’D(W{t}) —
D(W°PY) decreases. To see this, note that by (i) S-smoothness, and (ii) the update rule

p(with — pawith %) vDW T w1 —withy ¢ g\wit+th — ypith) 2
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® o(Ba — 1) VW2 (126)

If furthermore o < 1/(2f), then also fa — 1 < —1/2. Together with (125), and after
rearranging terms, one finds that

ATK

pWwitHh —pwith < = (oWt — DWPY)) forall W e K. (127)
By (iii) 1 +x < e” for all z € R, we obtain (29). The strategy will now be to prove that
there is a PL-inequality in some compact set, that the iterates remain in that compact set,
and that the function is S-smooth.

Proof of Lemma 27. First note that if | € £(G) and v € T'(G;1), the indexes of the weights in
the product |Pf;{t}/I/Vl{t}\ belong to the index set E\L(G). The proof follows (i) by restricting
the sum, and (ii) from the fact that for every path v € I'(G) in an arborescence G, there is
exactly one leaf | € £(G) such that 4! = ~. Thus

pi
a 1
> | Wl =4y 3 v {t} _P{t}‘ 243 o W{t}( el
ect e€f ~el'(Gse) leL(G)
. {t} iii
Dy V,ﬂP” (zw—Pv{t})‘Q(z) Avin(min_ (WP T ), (128)

ee) wi FEEVL(G)

where in (iii) we have used the bound \Wi{t}\ > MiNees\ (@) |Wé{t}| for all i € E\L(G) and

similarly with v, > v, for v € I'(G). Finally, by (35), we have min.eg\ £ () \We{t}\Q Ciﬁl.
This completes the proof. B

H.3 Conserved Quantities Remain Bounded throughout GD — Proof of
Lemma 28

Proof Pick f € E\L(G). By (i) Corollary 11, and (ii) Lemma 12, we have

leL(Gsi)
@) (Aty 0O ) _ 9 o)
2 <Wf aanD(W )) Y (Wl @ PV ))
leL(G;f)
) 0 2 0 2
:(W}t}_o‘aw I(W{t})) - ¥ Wl{t}_QWI(W{t}))
f 1€L(G:f) :
O ot 4 2 (2’ - 9w
=G +“(<awfI<W >> > (amI(W >>)
1eL(Gif)
Pl
o P. 2 2 ! {t}2
— o | 40 ( 3 V—ywj{t}(z,y—Pét})> -y V71<W7{t}> (zwl—Pl)> (129)
veT(G;f) b leL(G;f) l
{t)
0 2 (P2 {2
>t 4’ Y 1/71< {t}) (2, Pvl)> (130)
leL(G;f) VVZ
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By Cauchy—Schwartz we also have

pi 2 plt} o
g = PN < (3 w) 3 () - B
v€l(G;f) f €T (G;f) el (G;f) !

If we have C]{ct} > 0, then (V[/]}{lt})2 > (WA;{E}F for any v € I'(G; f). Thus, combining the
estimate (129) with (131) we obtain

{t}
P 2
{t+1} {t} 2 ok { h2
ot < ¢t +4( > 1/7>a ( v (W“}> (2 — P )) (132)
YeL(G;f) leL(G;

Extending the sums in (132) from T'(G; f) to I'(G) and from L(G; f) to L(G), respectively,

yields
{t+1} _ ~{t} 2 {t} {t}
Cf —cff <alply o max WP ZOV ), (133)

where we have used the bound [Wy| < max.ce\ p(q) [We for all f € E\L(G). Similarly, using
(130) and the trivial bound v, < [|v||; for any v € T', and by absorbing one v,-term into
Z(W)’s expression, we obtain

ot s ol _y Wit lzow i 134
>0 HVHM(EIEI{%X Wi w ity (134)

for the lower bound. Because W € S by assumption, MaXeee\ £(Q) |VVe{t}|2 < M?. This
completes the proof. [ |

H.4 Double Induction

We now use Lemmas 26-28 together in a double induction to finally prove Proposition 13.
Let x > 0 and denote the statements:

A(t) = {Z(Wh) < z(wils—1hem2vminne v e [¢]}, (135)
B(t) = {W} e B(e,)NSVs € []}. (136)

We will prove that there exists a k > 0 such that when choosing « appropriately, firstly
A(t)N B(t) = B(t+1), (137)

and secondly,
A)NB(t+1) = A(t+1). (138)

Step 1: A(t) N B(t) = B(t + 1). We need to prove that W+ ¢ B(e, 1) NS assuming
(135) and (136). Using (133) from the proof of Lemma 28 repeatedly with the bound
maXeeg ]We{t}] < M, we obtain

t
i < o a ), MAEDR2 YT (W, (139)
s=0
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By (135), we can upper bound

Sz 2
s=0

If furthermore (C1) 0 < 2vpinkar < 1, then (i) the inequality 1/(1 — exp(—2vminka)) <
1/(Vminka) holds, so that

135) 1

1— e—QVminHOé :

Z (W) exp(—2uminkars) < Z(W10h)
5=0

(140)

(139) i i)
ol V2 CEI}IJFZLHVHle(Lq)az ZI(W{S}) < C{o} +4HVH1ML 1 fll-(W{O})

min —

—0 Vmin
(141)
In the same manner, we can also prove (141) for C{ V instead of Céni This yields
C{t+1} < C{O} _|_4 ||V||1 M2 L 1) I( {0}) (142)

Vmink

for any f € E\L(G). Similarly, for a lower bound, we can use (134) repeatedly together
with the bound (140) and condition (C1) yielding

ol s o0y 1My gz pion, (143)

VminkK

for any f € E\L(G). Now, suppose (D1) Cigi kY= > 0 and let (C2) the step size
satisfy

o\ _ L1/(L-1) A
< Vo min . 144
< Yok P ) (144)

We have (i) by (142) and (143) that

C}t-ﬁ-l} (é) [C{O} HVH1M2(L Dy _1I(W{0}) C{O}+4”V||1M2(L Do _1I(W{0})]
Vmin Vmin

‘e o (0{0} R/E0) L0 (C{O} R/ (E-1)

min min

(D1)
c et — 2,0 + 01 j2) C (0] /2,301 /2] = 1. (145)

Then W1} € B(e, I) by (39). Hence, M > W1 5 (O3 /2)12 > (CL /2)1/2 > § for
any f € E\L(G). Since moreover ci S o forall e € E\L(G), we have that if f € L(G),
then M2 > (VV]{Hl})2 > (V[/]}{Hu)2 for some j € E\L(G). Consequently M > |Wj}{t+1}| and
wittt e s,

Step 2: A(t) N B(t+1) = A(t 4+ 1). Suppose that Wi} € B(e, )N S for s = 0,1,...,t + 1.
Using the bound in (142) which requires the induction hypothesis A(¢) and (C1) for cty

min’
we obtain

ot s ooy, Ivlh Wty o) g yrtony, (146)

min — min
len"i
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Suppose now for a moment that (C2) the right-hand side of (146) is positive for some
sufficiently small a. We could then use the PL inequality from Lemma 27 together with
mingee g [WETPED = (CF)E that s,

IVZOV N3 > dviain( Co) 2 (W), (147)

min

To see how, note that the argumentation around (127) together with (147) and (i) the
induction hypothesis B(t + 1) we have Wi} Wit} € B(e,I) NS and (ii) the clause (L1)
a < 1/(2p), implies

(1,ii, 147)
(Wit Z(W ) exp(~2vmina(Ci) )
(146)
< I(W{t})exp (_2ymina(Cr{nojl JV.H;MQ(L—l)aI(W{O}))
(iii)
< Z(W)exp (_zymma(cg; - 4mM2(L1)aI(W{O})) - 2meam€> (148)

where we have also used (iii) the induction hypothesis A(t), i.e., that Z(W{) < Z(Ww{0).
e—Qyminf-cat'

We now investigate the exponent in (148) for a moment. Assuming (C2) and if (C3) the
right-hand side of (148) is furthermore smaller than Z(W1{%) exp(—2vminka(t 4+ 1)), then
the induction step would be complete. Note finally that both conditions (C2) and (C3) are
satisfied when choosing

< (€ gl o, LW o)L (149)

min
Vmin

or equivalently
o9 _ 1/(L-1)
a < Upink min ) (150)
Afv]|y MAEDI(WA)

To also satisfy condition (C1), we thus require that

1 % 1/(L-1)
< mi . min
> = mm(QVminm’ Ymin® O M2(L—1)I(W{0})> (151)

Step 3. Let us summarize. Convergence occurs at rate at most 2vyinka if conditions (L1),
(D1), (C1)—(C3) hold. Hence we have to choose k > 0 such that % _ k=15 0 and

min

% _ 1/(L-1) 1 1 )

o< min(]/ - min y = . 152
< min (o g ST} 35 B ()
Note that we can maximize the convergence rate 2vpizak by maximizing (Cgﬁl

/(L= which occurs when x = (C{O})L Y14+ 1/(2(L — 1))~ > e_l/Q(C{O})L L

Substituting this in (152) we require a step size
1/2(0{0}) 1 1
< min ( Vimin o y 53 153
“= mm(” 8|vll, 2L — )M2AL-DZ (W)’ 28 Qymin(cégr}l)H) (153)
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Finally, we have the bound 8 < 6vax |E(G)| |IT(G)| M2E=1 from Lemma 26 in S, so that

a < m'n(u 1/2(01{110&) 1 1 )
1 min ) )
- 16 ||v|, LM2(L-1)T (W{O}) 120max |E(G) | T(G)| MQ(L_l) (CIESI}I)L 1

(154)
This completes our proof of Proposition 13. B

Appendix I. Convergence Rate in the Case of Dropout and Dropconnect —
Proof of Proposition 9

We consider first the case of Dropconnect. We have that {F.}cce are independent and
identically distributed Bernoulli(p) random variables. Suppose that the base graph G has
no cycles and every path is of length L. Then by definition in Lemma 10, we have

w= Y. PGr=g]=) 1}y eT(9)P[Gr =g
{g€Gvel(9)} 9€G
— S Bly € T(9)|Gr = gP[Gr = g] = Ply € T(Gr)] L p* (155)
geg

where (i) we have used Dropconnect’s distribution on F'.

Now suppose that additionally we make the stronger assumption that G is an arbores-
cence. Then by definition in Corollary 11 v, = E[X 2]777, and subsequently we can calculate
Wl = EIX? S cre vy = EIX? [T(G)|p* = BIX?Jdzpt — E[X?]|£(G)[p*.

Now, since by assumption max, |z,| < M* and [W;| < M for all f € &, then Z(W{0}) <
O(|T(G)| M?%) so that substitution of in the definition of o in Proposition 13 yields

(Coin)"
a=o((Camty 150
where we have used that Cpi, < M?. Finally multiplying by 7 gives the rate
{032
_ o P (Cain)*L
= O(L|£( )|2M4L) (157)

Substituting these results in the rate 7« in Proposition 13 yields the result for Dropconnect.

Finally we note that for the case of Dropout, filtering all nodes independently in an
arborescence is equivalent to filtering all edges independently except the edge at the root.
In particular, in (155), we have P[y € I'(Gr)] = p*~!. The remaining steps of the proof are
then the same as for Dropconnect and comparing p* with p“~! we can absorb the missing
p factor into the O notation, which does not change the order in L. B

Appendix J. Inequalities Pertaining to the Frobenius Norm

Lemma 30 For any matric A € R™*™ and 1 < k < oo, it holds that Ei,j(l + Agj)k <
nm(1+ || Allg)?*. For any two matrices A € R™*", B € R"™P and 0 < k < oo, it holds that
(1+ ||AB||p)* < (1 + ||A|lp)*(1 + || B||g)*. For any two matrices A, B € R™™ it holds that
[1A© Blg < [ Allg I Bllg-
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Proof Recall Minkowski’s inequality for sequences; that is (3, |zi+y:[*) V< >, |3:i|k)1/k—|—

>, ]yi]k)l/k, which holds for 1 < k < co. It (i) implies that for any matrix A € R™*™ and
1 <k < o0, that

Z(1+A2)k§)( L Z\A 1/’“) <nm( Z|A2J| 1/’“) (158)

%,J

—~

where (i) we have used that the function z* is nondecreasing in z > 0 whenever k& > 0.

Because (iii) for the ¢;-norm for sequences it holds that ||z||3, < ||z[|3 whenever 1 < k < oo,
we obtain i
> A+ AL < nm(1+ AR

4,J

nm(1+ || Allr)* (159)

where (iv) we have used that the function (14 22)* < (14 2)2* for all z > 0 whenever k& > 0.
This proves the first inequality.

The second inequality is an immediate consequence of the submultiplicativity property
of the Frobenius norm and its positivity, i.e.,

L+ [[AB[[r <1+ | Allpl|Blle <1+ [|Allr + [ Blle + [|Allel| Bl r- (160)

Raising to the k-th power left and right finishes its proof.
The third inequality follows from strict positivity of the summands:

lAe BIE - ZA? B2 < (3 4%) (3 B3) = IIRIBIE. (161)
1,J i,J

Each of the inequalities has now been shown. |
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