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ON THE ALMOST SURE CONVERGENCE OF
STOCHASTIC GRADIENT DESCENT IN NON-CONVEX PROBLEMS

PANAYOTIS MERTIKOPOULOS**¢, NADAV HALLAK!, ALI KAVIS#, AND VOLKAN CEVHER*

ABsTrACT. This paper analyzes the trajectories of stochastic gradient descent (SGD) to
help understand the algorithm’s convergence properties in non-convex problems. We first
show that the sequence of iterates generated by SGD remains bounded and converges
with probability 1 under a very broad range of step-size schedules. Subsequently, going
beyond existing positive probability guarantees, we show that SGD avoids strict saddle
points/manifolds with probability 1 for the entire spectrum of step-size policies considered.
Finally, we prove that the algorithm’s rate of convergence to Hurwicz minimizers is
O(1/nP) if the method is employed with a ©(1/nP) step-size. This provides an important
guideline for tuning the algorithm’s step-size as it suggests that a cool-down phase with a
vanishing step-size could lead to faster convergence; we demonstrate this heuristic using
ResNet architectures on CIFAR.

1. INTRODUCTION

Owing to its simplicity and empirical successes, stochastic gradient descent (SGD) has
become the de facto method for training a wide range of models in machine learning. This
paper examines the properties of SGD in non-convex problems with the aim of answering
the following questions:

(Q1) Does SGD always converge?

(Q2) Does SGD always avoid spurious critical regions, such as non-isolated saddle points,
ete.?

(Q3) How fast does SGD converge to local minima as a function of the method’s step-size
policy?

We provide the following precise answers to these questions:
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On (Q1): Under mild conditions for the function to be optimized, and allowing for a wide
range of step-size schedules of the form ©(1/n?) for p € (0, 1], the iterate sequence X,, of
SGD converges with probability 1. In contrast to existing mean squared error guarantees
of the form E[||Vf(X,)||’] — 0 (where f is the problem’s objective), this is a stronger,
trajectory convergence result: It is not a guarantee that holds on average, but a convergence
certificate that applies with probability 1 to any instantiation of the algorithm.

On (Q2): With probablity 1, the trajectories of SGD avoid all strict saddle manifolds — i.e.,
sets of critical points z* with at least one negative Hessian eigenvalue (Amin(V2f(z*)) < 0).
Such manifolds include ridge hypersurfaces and other connected sets of non-isolated saddle
points that are common in the loss landscapes of overparametrized neural networks [27].
In this way, our result complements and extends a series of saddle avoidance results for
deterministic gradient descent [10, 11, 23, 24, 34|, and with high probability [12] or in
expectation [43] for stochastic gradient descent.

On (Q3): If SGD is run with a step-size schedule of the form ~y,, = ©(1/nP) for some p € (0, 1],
it converges at a rate of E[||X,, — z*||*] = O(1/n?) to local minimizers that are regular in the
sense of Hurwicz (i.e., V2f(z*) = 0). We stress here that this is a “last iterate” convergence
guarantee; neither ergodic, nor of a mean-squared gradient norm type. This is crucial for
real-world applications because, in practice, SGD training is based on the last generated
point.

Taken together, the above suggests that a vanishing step-size policy has significant
theoretical benefits: almost sure convergence, avoidance of spurious critical points (again
with probability 1), and fast stabilization to local minimizers. We explore these properties
in a range of standard non-convex test functions and by training a ResNet architecture for a
classification task over CIFAR.

The linchpin of our approach is the ODE method of stochastic approximation as pioneered
by Benveniste et al. [5], Kushner and Yin [22], Ljung [28], and Benaim [2]. As such, our
analysis combines a wide range of techniques from the theory of dynamical systems along
with a series of martingale limit theory tools originally developed by Pemantle [35] and
Brandi¢re and Duflo [8].

Related work. Ever since the seminal paper of Robbins and Monro [38], SGD has given rise
to a vast corpus of literature that we cannot hope to do justice here. We discuss below only
those works which — to the best of our knowledge — are the most relevant to the contributions
outlined above.

The first result on the convergence of SGD trajectories is due to Ljung [28, 29|, who
proved the method’s convergence under the boundedness assumption sup,, || X, || < co. Albeit
intuitive, this assumption is fairly difficult to establish from first principles and the problem’s
primitives. Because of this, boundedness has persisted in the stochastic approximation
literature as a condition that needs to be enforced “by hand”, see e.g., Benaim [2], Borkar
[7], Kushner and Yin [22], and references therein. To rid ourselves of this condition, we
resort to a series of shadowing arguments that interpolate between continuous and discrete
time. Our results also improve on a more recent result by Bertsekas and Tsitsiklis [6] who
use a completely different analysis to dispense of boundedness via the use of more restrictive,
rapidly decaying step-size policies.

On the issue of saddle-point avoidance, Pemantle [35] and Brandiére and Duflo [8] showed
that SGD avoids hyperbolic saddle points (Amin(V2f(z*)) < 0, det V2f(2*) # 0) with
probability 1. More recently, and under different assumptions, Ge et al. [12] showed that
SGD avoids strict saddle points (Amin(V?f(z*)) < 0) with high probability, whereas the
work of Vlaski and Sayed [43] guarantees escape from strict saddles in expectation. By
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comparison, our paper shows that strict saddles are avoided with probability 1, thus providing
the missing link between these two threads; for completenes, we review these results in detail
in Section 4.3.

The papers mentioned above should be disjoined from an extensive literature on saddle-
point avoidance results for deterministic gradient descent [10, 11, 20, 23, 24, 33, 34|. Given
that these works focus exclusively on deterministic methods, they have no bearing on our
work here.

Finally, regarding the rate of convergence of SGD in non-convex problems, Ghadimi and
Lan [13, 14] established a series of bounds of the form E[||Vf(Xg)|*] = O(1/VT), where
R is drawn randomly from the running horizon {1,...,T} of the process. More recently,
Lei et al. [26] provided a non-asymptotic rate analysis for a-Holder smooth functions,
without a bounded gradient assumption; specifically, Lei et al. [26] proved that, for some T,
min, <7 E[||Vf(X,)||?] = O(TP~1) with stepsize v,, = v/n? and p € (1/(1 + a),1). There is
no overlap of our results or analysis with these works, and we are not aware of convergence
guarantees similar to our own in the literature.

Notation. In the rest of our paper, R? denotes a d-dimensional Euclidean space. We also write
(-,-) for the inner product on R, ||-|| for the induced norm, and S4~! = {z € R? : ||z|| = 1}
for the unit hypersphere of R%. Since the space is Euclidean, we make no distinction between
primal and dual vectors (or norms).

2. PROBLEM SETUP AND ASSUMPTIONS

2.1. Problem setup. Throughout the sequel, we focus on the non-convex optimization prob-
lem

minimize,crae f(), (Opt)
where f: R? — R is a d-times differentiable function satisfying the following blanket assump-
tions.

Assumption 1. f is G-Lipschitz and L-smooth, i.e.,
|IVf(z)]| <G and |Vf(2') = Vf(z)| < L|a’ —z| for all 2,2’ € R% (1)
Assumption 2. The sublevels L. = {x € R?: f(x) < c} of f are bounded for all ¢ < sup f.

Assumption 3. The gradient sublevels M. = {x € R : ||V f(x)| < e} of f are bounded for
some € > 0.

Assumptions 1-3 are fairly standard in non-convex analysis and optimization. Taken
individually, Assumption 1 is a basic regularity requirement for f; Assumption 2 guarantees
the existence of solutions to (Opt) by ruling out vacuous cases like f(x) = —z; and, finally,
Assumption 3 serves to exclude objectives with near-critical behavior at infinity such as
f(z) = —e~=".1 Taken together, Assumptions 1-3 further imply that the critical set

X* =crit(f) = {z € RY: Vf(x) = 0} (2)

of f is nonempty, a fact that we use freely in the sequel.

Typical examples of (Opt) in machine learning comprise neural networks with sigmoid
activation functions, underdetermined inverse problems, empirical risk minimization models,
etc. In such problems, obtaining accurate gradient input is impractical, so to solve (Opt), we
often rely on stochastic gradient information, obtained for example by taking a mini-batch of
training instances.

I'Note that Assumption 3 only concerns near-critical points, not regions where ||V f(z)|| may be large.
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2.2. Assumptions on the oracle. With this in mind, we will assume throughout that the
optimizer can access V f via a stochastic first-order oracle (SFO). Formally, this is a black-box
feedback mechanism which, when queried at an input point 2 € R?, returns a random vector
V(z;w) with w drawn from some (complete) probability space (2, F,P). In more detail,
decomposing the oracle’s output at x as

V(z;w) =V f(z)+ Z(z;w), (SFO)
we make the following assumption.

Assumption 4. The error term Z(z;w) of (SFO) has
(a) Zero mean: E[Z(z;w)] =0 (3a)
(b) Finite g-th moments: E[||Z(z;w)|?] < o? for some ¢ > 2 and o > 0. (3b)

Assumption 4 is standard in stochastic optimization and is usually stated with ¢ = 2, i.e.,
as a “finite variance” condition, cf. Benaim [2]|, Juditsky et al. [21], Nesterov [32], Polyak
[37], and many others. Allowing values of ¢ greater than 2 provides more flexibility in the
choice of step-size policies, so we keep (3b) as a blanket assumption throughout. We also
formally allow the value ¢ = oo in (3b), in which case we will say that the noise is bounded
in L°; put simply, this corresponds to the standard assumption that the noise in (SFO) is
bounded almost surely.

2.3. Stochastic gradient descent. With all this in hand, the stochastic gradient descent (SGD)
algorithm can be written as

Xn+1 — Xn - ’ann (SGD)

In the above, n = 1,2, ... is the algorithm’s iteration counter, =, is the algorithm’s step-size,
and V,, is a sequence of gradient signals of the form

Vo =V(Xpnswn) = V(X)) + Z,. (4)

Each gradient signal V,, is generated by querying the oracle at X,, with some random seed
wy,. For concision, we write Z,, = Z(X,,,w,) for the gradient error at the n-th iteration and
Fn = o0(X1,...,X,) for the natural filtration of X,,; in this notation, w, and V,, are not
Fn-measurable.

All our results for (SGD) are stated in the framework of the basic assumptions above. The
price to pay for this degree of generality is that the analysis requires an intricate interplay
between martingale limit theory and the theory of stochastic approximation; we review the
relevant notions below.

3. STOCHASTIC APPROXIMATION

Asymptotic pseudotrajectories. The departure point for our analysis is to rewrite the iterates
of (SGD) as (Xpt+1 — Xn) /7 = V(f(X,)) + Z,. In this way, (SGD) can be seen as a
Robbins—Monro discretization of the continuous-time gradient dynamics

i(t) = =V f(z(1)). (GD)
The main motivation for this comparison is that f is a strict Lyapunov function for (GD),
indicating that its solution orbits converge to the critical set X* of f (see the supplement for
a formal statement and proof of this fact). As such, if the trajectories of (SGD) are “good
enough” approximations of the solutions of (GD), one would expect (SGD) to enjoy similar
convergence properties.
To make this idea precise, we first connect continuous and discrete time by letting
Tn = > p—y v denote the time that has “elapsed” for (SGD) up to iteration counter n
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(inclusive); that is, a step-size in discrete time is translated to elapsed time in the continuous
case, and vice-versa. We may then define the continuous-time interpolation of an iterate
sequence X,, of (SGD) as

X#t)=Xn+ [t —7m)/(Tat1 — )] (Xng1 — Xn) for all ¢t € [1, Tny1]- (5)

To compare this trajectory to the solutions of (GD), we further need to define the “flow” of
(GD) which describes how an ensemble of initial conditions evolves over time. Formally, we
let ®: Ry x RY — R? denote the map which sends an initial € R? to the point ®;(z) € R?
by following for time ¢ € R, the solution of (GD) starting at . We then have the following
notion of “asymptotic closeness” between a sequence generated by (SGD) and the flow of the
dynamics (GD):

Definition 1. We say that X(t) is an asymptotic pseudotrajectory (APT) of (GD) if, for all
T >0:
oo s1Pg < | X (¢ + 1) = @A(X(0)] =0, ©)

The notion of an APT is due to Benaim and Hirsch [4] and essentially posits that X (t)
tracks the flow of (GD) with arbitrary accuracy over windows of arbitrary length as ¢ — co.
When this is the case, we will slightly abuse terminology and say that the sequence X, itself
comprises an APT of (GD).

With all this in hand, the formal link between (GD) and (SGD) is as follows:

Proposition 1. Suppose that Assumptions 1 and 4 hold and (SGD) is employed with a step-
size sequence such that 22021 Yn = 00 and 220:1 ’y}fqm < oo with ¢ > 2 as in Assumption /.

Then, with probability 1, X,, is an APT of (GD).

Corollary 1. Suppose that (SGD) is run with v, = O(1/nP) for some p € (2/(¢ + 2),1] and
assumptions as in Proposition 1. Then, with probability 1, X, is an APT of (GD).

This comparison result plays a key role in the sequel because it delineates the range of
step-size policies under which the discrete-time system (SGD) is well-approximated by the
continuous-time dynamics (GD). We discuss this issue in detail in the next section.

4. CONVERGENCE ANALYSIS

Heuristically, the goal of approximating (SGD) via (GD) is to reduce the difficulty of
the direct analysis of the former by leveraging the strong convergence properties of the
latter. of the latter, which is relatively straightforward to analyze, to the former, which is
much more difficult. However, the notion of an APT does not suffice in this regard: in the
supplement, we provide an example where a discrete-time APT has a completely different
behavior relative to the underlying flow. As such, a considerable part of our analysis below
focuses on tightening the guarantees provided by the APT approximation scheme.

4.1. Boundedness and stability of the approximation. The basic point of failure in the
stochastic approximation approach is that APTs may escape to infinity, rendering the whole
scheme useless, cf. [2, 7] and references therein. It is for this reason that a large part of
the literature on SGD explicitly assumes that the trajectories of the process are bounded
(precompact), i.e.,
Supys [ X(D] < 00 (a.5.). )

However, this is a prohibitively strong assumption for (Opt): unless certified ahead of time,
any theoretical result relying on this assumption would be of limited practical value.

Our first result below provides exactly this certification by establishing that (7) is solely
an implication of our underlying Assumptions 1-4. It is a non-trivial outcome which provides
the key to unlocking the potential of stochastic approximation techniques in the sequel.
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Theorem 1. Suppose that Assumptions 1—4 hold and (SGD) is run with a variable step-size
sequence of the form v, < 1/nP for some p € (2/(q + 2),1]. Then, with probability 1, every
APT X(t) of (GD) that is induced by (SGD) has sup,ol| X (t)[| < oo.

Because of the generality of our assumptions, the proof of Theorem 1 involves a delicate
combination of non-standard techniques; for completeness, we provide a short sketch below
and refer the reader to the supplement for the details.

Sketch of proof of Theorem 1. The main reasoning evolves along the following lines:

Step 1. We first show that, under the stated assumptions, there exists a (possibly random)
subsequence X,,, of X,, that converges to X*; formally, lim inf,,_, dist(X,,, X*) =0
(a.s.). As a result, X(¢) eventually reaches a sublevel set L. whose elements are
arbitrarily close to X'*, i.e., there exists some t. > 0 such that X(t.) € Le.

Step 2. By a technical argument relying on the regularity assumptions for f (cf. Assump-
tion 1), it can be shown that there exists some uniform time window 7 such that
X (t) remains within uniformly bounded distance to L. for all ¢ € [t,t. + 7]. Thus,
once X(t) gets close to L., it will not escape too far within a fixed length of time.

Step 3. An additional technical argument reveals that, under the stated assumptions for
f, the trajectories of (GD) either descend the objective by a uniform amount, or
they have reached a neighborhood of the critical set X* where further descent is
impossible (or irrelevant).

Step 4. By combining the two previous steps, we conclude that X (t. +7) € L. at the end of
said window. This argument may then be iterated ad infinitum to show inductively
that X (¢) € L. for all intervals of the form [t. + k7, t. + (k + 1)7].

Since L. is bounded (by Assumption 2), we conclude that X(¢) remains in a compact
set for all ¢ > 0, i.e., X(¢) is precompact. The conclusion of Theorem 1 then follows by
Corollary 1. ]

4.2. Almost sure convergence. By virtue of Theorem 1, we are now in a position to state
our almost sure convergence result:

Theorem 2. Suppose that Assumptions 1—4 hold and (SGD) is run with a variable step-size
sequence of the form v, = ©(1/n?) for some p € (2/(q + 2),1]. Then, with probability 1, X,
converges to a (possibly random) connected component X% of X* over which f is constant.

Corollary 2. With assumptions as in Theorem 2, we have the following:
(1) f(X,) converges (a.s.) to some critical value fo.
(2) Any limit point of X,, is (a.s.) a critical point of f.

Theorem 2 extends a range of existing treatments of (SGD) under explicit boundedness
assumptions of the form (7), cf. [2, 7, 28] and references therein. It also improves on a similar
result by Bertsekas and Tsitsiklis [6] who use a completely different analysis to dispense
of boundedness requirements via the use of more restrictive step-size policies. Specifically,
Bertsekas and Tsitsiklis [6] require the Robbins-Monro summability conditions ), 7, = 0o
and Y 72 < oo under a bounded variance assumption. In this regard, our analysis extends
to more general step-size policies, while that of Bertsekas and Tsitsiklis [6] cannot because
of its reliance on the Robbins-Siegmund theorem for almost-supermartingales [39]. Among
other benefits, this added degree of flexibility is a key advantage of the APT approach.

The heavy lifting in the proof of Theorem 2 is provided by Theorem 1. Thanks to this
boundedness certificate, the total chain of implications is relatively short, so we provide it in
full below.
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Proof of Theorem 2. Under the stated assumptions, f is a strict Lyapunov function for (GD)
in the sense of Benaim [2, Chap. 6.2]. Specifically, this means that f(®;(x)) is strictly
decreasing in ¢ unless x is a stationary point of (GD). Furthermore, by Sard’s theorem [31,
Chap. 2], the set f(X™*) of critical values of f has Lebesgue measure zero — and hence, empty
topological interior. Therefore, applying Theorem 5.7 and Proposition 6.4 of Benaim [2] in
tandem, we conclude that any precompact asymptotic pseudotrajectory of (GD) converges to
a connected component X% of A* over which f is constant. Since Theorem 1 guarantees that
the APTs of (GD) induced by (SGD) are bounded with probability 1, our claim follows. W

4.3. Avoidance analysis. Theorem 2 represents a strong convergence guarantee but, at the
same time, it does not characterize the component of X* to which X, converges. The rest
of this section is devoted to showing that X,, does not converge to a component of X'* that
only cousists of saddle points (a saddle-point manifold). Specifically, we will make precise
the following informal statement:

(SGD) avoids strict saddles — and sets thereof — with probability 1.

To set the stage for the analysis to come, we begin by reviewing some classical and recent
results on the avoidance of saddle points. We then present our general results towards the
end of the section.

To begin, a crucial role will be played in the sequel by the Hessian matriz of f, viz.

H(z) = V2f(z) = (0;0;f())ij=1...a- (8)
Since H(z) is symmetric, all of its eigenvalues are real. If z* is a critical point of f and
Amin(H (2*)) < 0, we say that x* is a strict saddle point [23, 24].

By standard results in center manifold theory [42], the space around strict saddle points
admits a decomposition into a stable, center and unstable manifold (each of the former two
possibly of dimension zero; the latter of dimension at least 1 given that Amin(H(z*)) < 0).
Heuristically, under the continuous-time dynamics (GD), directions along the stable manifold
of x* are attracted to x* at a linear rate, while those along the unstable manifold are repelled
(again at a linear rate); the dynamics along the center manifold could be considerably more
complicated, but, in the presence of unstable directions, they only emerge from a measure
zero of initial conditions. As a result, if 2* is a strict saddle point of f, it stands to reason
that (SGD) should “probably” avoid it as well.

In the case of deterministic gradient descent with step-size v < 1/L, this intuition was
made precise by Lee et al. [23, 24] who proved that all but a measure zero of initializations
of gradient descent avoid strict saddles. As we discussed in the introduction, this result
was then extended to various deterministic settings, with different assumptions for the
gradient oracle, the method’s step-size, or the structure of the saddle-point manifold, see
e.g., [10, 11, 20, 24, 33, 34] and the references therein.

In the stochastic regime, the situation is considerably more involved. Pemantle [35] and
Brandiére and Duflo [8] were the first to establish the avoidance of hyperbolic unstable
equilibria in general stochastic approximation schemes. However, a key requirement in the
analysis of these works is that of hyperbolicity, which in our setting amounts to asking that
H(z*) is invertible. In particular, this means the saddle point in question cannot be isolated,
nor can it have a center manifold: both hypotheses are too stringent for applications of SGD
to contemporary machine learning models, such as deep net training, so their results do not
apply in many cases of practical interest.

More relevant for our purposes is the recent result of Ge et al. [12], who provided the
following guarantee. Suppose that f is (a, 3,¢,6)-strict saddle, i.e., for all x € R%, one
of the following holds: (3) |V f(z)| > &; (4) Amin(H(z)) < —f; or (44) = is d-close to a
local minimum z. around which f is a-strongly convex. Suppose further that f is bounded,
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Figure 1: A strict saddle manifold (a ridge), typical of ResNet loss landscapes [27].

L-Lipschitz smooth, and H(x) is p-Lipschitz continuous; finally, assume that the noise in
the gradient oracle (SFO) is finite (a.s.) and contains a component uniformly sampled from
the unit sphere. Then, given a confidence level ¢ > 0, and assuming that (SGD) is run
with constant step-size v = O(1/log(1/¢)), the algorithm produces after a given number of
iterations a point which is O(1/vlog(1/(7()))-close to z., and hence away from any strict
saddle of f, with probability at least 1 — (.

In a more recent paper, Vlaski and Sayed [43] examined the convergence of (SGD) to
second-order stationary points. More precisely, they showed that (SGD) guarantees expected
descent for strict saddle points in a finite number of iterations, and with high probability,
(SGD) iterates reach a set of approzimate second-order stationary points in finite time.

The theory of Pemantle [35] and the result of Ge et al. [12] paint a complementary picture
to the above: Pemantle [35] shows that saddle points are avoided with probability 1, provided
they are hyperbolic (i.e., det V2f(z*) # 0); on the other hand, Ge et al. [12] require much
less structure on the saddle point, but they only provide a result with high probability (and
¢ cannot be taken to zero because the range of allowable step-sizes would also vanish).? Our
objective in the sequel is to provide a result that combines the “best of both worlds”, i.e.,
almost sure avoidance of strict saddle points (and sets thereof) with probability 1.

To that end, we make the following assumption for the noise:

Assumption 5. The error term Z = Z(z;w) of (SFO) is uniformly exciting, i.e., there exists
some ¢ > 0 such that

E[(Z(z;w),u) "] > ¢ (9)
for all x € R? and all unit vectors u € S 1.

This assumption simply means that the average projection of the noise along every ray in
R? is uniformly positive; in other words, Z “excites” all directions uniformly — though not
necessarily isotropically. As such, Assumption 5 is automatically satisfied by noisy gradient
dynamics (e.g., as in Ge et al. [12]), generic finite sum objectives with at least d summands,
etc.

With all this in hand, we say that S is a strict saddle manifold of f if it is a smooth
connected component of X'* such that:

2Pemantle [35] employs a vanishing step-size, which is more relevant for us: (SGD) with persistent noise
and a constant step-size is an irreducible ergodic Markov chain whose trajectories do not converge anywhere

[2].
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(1) Every z* € S is a strict saddle point of f (i.e., Amin(H (2*)) < 0).
(2) There exist c_,cy > 0 such that, for all * € S, all negative eigenvalues of H(x*)

are bounded from above by —c_ < 0, and any positive eigenvalues (if they exist)
are bounded from below by cy.

Somewhat informally, the definition of a strict saddle manifold implies that the eigenspaces
of H(xz*) corresponding to zero, positive, and negative eigenvalues decompose smoothly along
S and S can be seen as an “integral manifold” of the nullspace of the Hessian of f.

With all this in hand, we are finally in a position to state our main avoidance result.

Theorem 3. Suppose that (SGD) is run with a variable step-size sequence of the form
Yn < 1/n? for some p € (0,1]. If Assumptions 1-5 hold (with ¢ = oo for Assumption /),
and S is a strict saddle manifold of f, we have P(X, — S as n — o0) = 0.

Theorem 3 is the formal version of the avoidance principle that we stated in the beginning
of this section. Importantly, it makes no assumptions regarding the initialization of (SGD)
and holds for any initial condition.

The proof of Theorem 3 relies on two basic components. The first is a probabilistic
estimate, originally due to Pemantle [35], that shows that a certain class of stochastic
processes avoid zero with probability 1. The second is a differential-geometric argument,
building on Benaim and Hirsch [3] and Benaim [2], and relying on center manifold theory to
isolate the center/stable and unstable manifolds of S. Combining these two components, it
is possible to show that even ambulatory random walks along the stable manifold of & will
eventually be expelled from a neighborhood of §. We provide the details of this argument in
the paper’s supplement.

4.4. Rate of convergence. We conclude our analysis of (SGD) by establishing the algorithm’s
rate of convergence, as stated in Theorem 4 below. Since f is non-convex, any convergence
rate analysis of this type must be a fortiori local; in view of this, we will examine the
algorithm’s convergence to local minimizers z* € X'* that are regular in the sense of Hurwicz,
ie., H(z*) = 0.

Because we are primarily interested in the convergence of the algorithm’s trajectories, we
focus here on the distance D,, = || X,, — 2*||*/2 between the iterates of (SGD) and a local
minimizer of f. In this light, our rate guarantee (which we state below), differs substantially
from other results in the literature, in both scope and type, as it does not concern the
ergodic average X, =n~ Y| X} or the “best iterate” X' = argming_; [V f(Xy)|
of (SGD): the former has very weak convergence in convex settings (if at all), while the
latter cannot be calculated with access to perfect gradient information for the entire run of
the process (in which case, stochastic gradient dynamics would become ordinary gradient
dynamics).

Theorem 4. Fix some tolerance level § > 0, let x* be a reqular minimizer of f, and suppose
that Assumption 4 holds. Assume further that (SGD) is run with a step-size schedule of the
form v, = v/(n+m)P for some p € (2/(q+2),1] and large enough m,~y > 0. Then:

(1) There exist neighborhoods U and Uy of x* such that, if X1 € Uy, the event
Oy ={X, €l foralln=1,2,...} (10)

occurs with probability at least 1 — 6.
(2) Conditioned on Sy, we have

E[|| X, — 2" | ] = O(1/n?). (11)
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Remark. Note that Theorem 4 does not presuppose Assumptions 1-3; since the rate analysis
is local, the differentiability of f suffices.

The proof of Theorem 4 relies on showing that a) z* is stochastically stable, i.e., with
high probability, any initialization that is close enough to z* remains close enough; and
b) conditioned on this event, the distance D,, = (1/2)]|X,, —*||* to a regular local minimizers
behaves as an “almost” supermartingale. A major complication that arises here is that this
conditioning changes the statistics of the noise, so the martingale property ceases to hold.
Overcoming this difficulty requires an intricate probablistic argument that we present in the
supplement (where we also provide explicit expressions of the constants in the estimate of
Theorem 4).

5. NUMERICAL EXPERIMENTS

As an illustration of our theoretical analysis, we plot in Fig. 2a the convergence rate of
(SGD) in the standard Shekel risk benchmark function f(z) = Zil [Z?Zl(xj —aij)?+¢] -
where A = (a;;) is a skew data matrix and ¢ = (c¢1,...,cn) is a bias vector of dimension
d = 500 [19]. For our experiments, we ran N = 10? instances of (SGD) with a constant,
1/4/n, and 1/n step-size schedule, and we plotted the value difference f(X,) — fo of the
sample average (marked black lines) and the min-max spread of the samples for a 95%
confidence level region (shaded green, red and blue respectiely for the constant, 1/y/n and
1/n policies respectively). The constant step-size schedule initially performs better, but
quickly saturates and is overcome by the 1/n schedule; overall, the 1/n policy converges
faster than the other two by 2 to 4 orders of magnitude.

Coupled with our theoretical results, these tests suggest that a vanishing step-size policy
could have significant advantages when used for training machine learning models. The key
drawback to this approach is that a rapidly vanishing step-size could cause the algorithm
to traverse the loss landscape at a very slow pace and/or get trapped at inferior local
minima. However, it also provides a sound theoretical justification for the following “best
of both worlds” training heuristic: given a budget of gradient iterations, run SGD with a
constant step-size for a fraction of this budget, and then implement a “cooldown” phase with
a vanishing step-size for the rest. We demonstrate the benefits of this “cooldown” heuristic
in a standard ResNet18 architecture for a classification task over CIFAR10. In particular,
in Fig. 2b, we ran (SGD) with a constant step-size for 100 epochs, with checkpoints at
different cutoffs; then, at each checkpoint, we launched the “cooldown” period with step-size
1/n. Fig. 2b demonstrates the improvement due to the cool-off period over the training
loss: specifically, it shows that it is always beneficial to run the last training epochs with a
vanishing step-size.

6. CONCLUDING REMARKS

Our aim in this paper was to present a novel trajectory-based analysis of (SGD) showing
that, under minimal assumptions, () all of its limit points are stationary; (i) it avoids strict
saddle manifolds with probability 1; and (éii) it converges at a fast O(1/n) rate to regular
minimizers. This opens the door to many interesting directions — from constrained /composite
problems to adaptive gradient methods. We defer these to the future.

APPENDIX A. CONVERGENCE IN CONTINUOUS TIME

For completeness, we begin with a proof of the convergence of (GD) under our blanket
assumptions:
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Proposition A.1 (Gradient flow convergence). Under Assumptions 1 and 2, every solution
z(t) of (GD) converges to X*.

Proof of Proposition A.1. To begin, existence and uniqueness of (global) solutions to (GD)
follows readily from the Picard-Lindel6f theorem [42] and Assumption 1. With this point
settled, and given that the sublevel sets of f are bounded (cf. Assumption 2), the fact that
f is non-increasing along the orbits of (GD) shows that z(¢) converges to some compact
invariant set I C R<.

Suppose now that there exists a sequence of times t,, n = 1,2,..., such that z(¢,)
converges to some non-critical point 2 ¢ crit(f) = X*. Letting ¢ = |V f(2)||> > 0, there
exists a neighborhood U of 2 such that ||V f(z)||> > ¢/2 for all 2 € U (again, by Assumption 1).
Hence, by passing to a subsequence if necessary, we can assume without loss of generality
that x(t,) > ¢/2 for all n. Furthermore, by Assumption 1 (which implies that |V f(z)|| < G
for all x € R?) and the definition of (GD), we have

tn+T
[ (tn +7) =2 ()] < / IVf(a(s))ll ds < GT (A1)

tn
for all 7 > 0. Therefore, by picking 7 sufficiently small, we can assume that x(t) € U for all
t € [ty,t, + 7] and all n (recall here that x(¢,) € U for all n). Then, by the definition of U,
we readily get

@t +7)) — F(tn) = /

T

tn+T1 tn+T7T cr
i) is == [ Vi) s < -5, (a2)

n

and hence:

tn+T 5 n t+T N
@t + 7)) — F(2(0) = / IVFas) P ds < -3 / IV (e (s)]12 ds
k=1"tk

n
cT ner
< _ o _ e A3
coyr o a
k=1
ie., lim, oo f(z(tn+7)) = —00, a contradiction. Since x(t) converges to a compact invariant
set K, we conclude that x(t) in fact converges to the critical set X* of f. [ |

APPENDIX B. STABILITY AND BOUNDEDNESS OF APTS

B.1. Discrepancies between flows and APTs. Our first goal in this appendix is to provide a
concrete example where asymptotic pseudotrajectories and the underlying continuous-time
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2
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Figure 3: Flowlines vs. asymptotic pseudotrajectories: the dashed black line is an
APT of the depicted gradient flow but it stays at a constant height (z2 = 1), even
though all flow lines converge to the zi-axis (z2 = 0).

flow exhibit qualitatively different behaviors in the long run. To that end, consider the

autonomous ODE

_m(t)
14 x(t)

which is a pseudo-gradient flow of the function f(xy,x2) = 23/2 — x1. The general solution

of this system with initial condition (0,b) at time ¢t = 0 is

x(t)z(t b ) (B.2)

() =1 22(t) = (B.1)

14t

As a result, we have z5(t) — 0 as t — oo from any initial condition (for a graphical illustration,
see Fig. 3).

On the other hand, as we show below, the “constant height” curve X(¢) = (¢,1) is an
asymptotic pseudotrajectory of (B.1). To show this, fix some accuracy threshold € > 0
and a horizon T > 0. Then, with respect to Definition 1, it suffices to show that, for some
sufficiently large to > 0 and all h € [0, T], we have

[1—as(to+h)| <e (B.3)

for the solution trajectory x(t) = (z1(t), x2(t)) that passes through the point (¢g,1) at time
to.

Substituting in the general solution of (B.1) and backsolving, we readily obtain that this
trajectory has

1410
t) = .
In turn, this implies that the maximal difference between 1 and x2(t) over a window of size
T starting at tg is

(B.4)

1+tg+T T
1— =TT 9=
0Bl = @2(to + h)| 1+t 1+t

<e (B.5)

if o is chosen sufficiently large — specifically, if tg > T'/e — 1.

Since ¢ is arbitrary, the above shows that the APT condition (6) holds for all T > 0, i.e.,
X(¢) is an APT of (B.1). On the other hand, we have lim;_,, X2(¢) = 1, which is different
than the limit of any solution of (B.1).

3That this is so is a consequence of the fact that the trajectories of (B.1) intersect the line zo =1 at a
vanishing angle as t — oco. More precisely, if we show the statement in question for tg, it will also hold for all
T > to by virtue of the monotonicity of the exponential function.
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B.2. Boundedness of APTs. Our aim in the rest of this appendix will be to prove Theorem 1,
which, for convenience, we restate below:

Theorem 1. Suppose that Assumptions 1—4 hold and (SGD) is run with a variable step-size
sequence of the form v, < 1/nP for some p € (2/(q + 2),1]. Then, with probability 1, every
APT X(t) of (GD) that is induced by (SGD) has sup,sl| X (t)|| < oo.

To begin, we recall the basic APT property of (SGD):

Proposition 1. Suppose that Assumptions 1 and 4 hold and (SGD) is employed with a step-
size sequence such that >~ | v, =00 and > -, %1L+q/2 < 00 with ¢ > 2 as in Assumption 4.

Then, with probability 1, X,, is an APT of (GD).

The proof of Proposition 1 follows by a tandem application of Propositions 4.1 and 4.2 of
Benaim [2], so we omit it; instead, we focus directly on the proof of Theorem 1. To that end,
as we explained in the main body of the paper, the first part of our proof consists of showing
that (SGD) admits a subsequence converging to X*, i.e., that liminf,_, . dist(X,,, X*) = 0:

Lemma B.1. With assumptions as in Theorem 1, there exists a (possibly random) subsequence
Xn, of X, that converges to X*; formally, liminf,,_, dist(X,,, X*) =0 (a.s.).

Before proving Lemma B.1, we will require an intermediate result:

Lemma B.2. Let C be a closed subset of R? such that X*NC = @. Then, under Assumption 3,
infyec||Vf(2)| > 0.

Proof. Arguing by contradiction, assume there exists some sequence z,, € C such that
IV f(xn)|| = 0 as n — oo. If x,, admits a subsequence converging to some limit point & € C,
then, by continuity (recall that f is assumed C¢), we would also have ||V f(#)|| = 0. In turn,
this would imply & € X'*, contradicting the assumption that C is closed and disjoint from
X*.

Therefore, to prove our claim, it suffices to examine the case where z,, has no convergent
subsequence, i.e., liminf, . ||z,| = co. However, this would mean that the gradient
sublevel set M. = {x € R?: ||V f(z)|| < €} is unbounded for all £ > 0, in contradiction to
Assumption 3. We conclude that liminf, .||V f(x,)| > 0 for every sequence z,, in C, i.e.,
liminf,ec||Vf(x)| > 0. [ |

Proof of Lemma B.1. Assume ad absurdum that the event
Qo = {liminf,,_, o, dist(X,,, X*) > 0} (B.6)

occurs with positive probability. By Lemma B.2, if liminf,,_, o dist(X,, X*) > 0, we must
also have liminf, ||V f(X,)| > 0 (since X,, will eventually be contained in a closed set
that is disjoint from X*). Therefore, fixing a realization X,,, n = 1,2,..., of (SGD) such
that € holds, there exists some (random) positive constant ¢ > 0 with || f(X.,)||> > ¢ for all
sufficiently large n; without loss of generality, we may — and will — assume in the sequel that
this actually holds for all n > 1.

In view of all this, by the smoothness assumption for f and the definition of (SGD) we
readily get:

= (X) = VI = Al (X, Za) + Vi
< F(Xa) =€ = Wb + BLIVS G +2LNZallE, (BT
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where we set &, = (Vf(X,), Z,). Therefore, setting f, = f(X,,) and telescoping, we obtain

n n 2 X 2 n 2 7 2
Foir < fi— 7o lc+ > k=1 Vk&k I >kt Vel V(X I >t Vil Zie |l . (B3

Tn Tn Tn

Anp By Chn

where 7,, = ZZ:l i is the “elapsed time” of X, as defined in Section 3. We will proceed to

show that all the summands in the brackets of (B.8) except the first converge to 0; since ¢ > 0

and 7, T 0o, this will show that lim,, . fn, = —00, in direct contradiction to Assumption 2.
We carry out this plan term-by-term below:

(1) For the first term (A,,), note that
El&n | Fn] = E{V [ (Xn); Zn) | Ful = (Vf(Xn), E[Zn [ Fu]) = 0 (B.9)

by Assumption 4. This means that Y, _, 7x&k is a zero-mean martingale, so, by the
law of large numbers for martingale difference sequences [15, Theorem 2.18], we have
Yot S Wk — 0 (a.s.) on the event

0 = {iﬁl@[ﬁﬂfn] <oo}. (B.10)

n=1 "

However, by Assumptions 1 and 4, we have

E[@QL ‘]:n} = Eva(Xn)a Zn>2 | ]:n]

< G*E[| Z,|1? | Ful {by Assumption 1}
< GPE[[|Za]| | Fa]¥® {by Jensen}
< G?*¢* {by Assumption 4}

where, in the second-to-last line, we applied Jensen’s inequality to the function
z + 29/2 (recall here that ¢ > 2). Moreover, for all p € (0,1], we have 42 /72 =
O(1/n?), so 322 172 /72 < oo. Thus, going back to (B.10), we conclude that
Yot >k €k — 0 with probability 1

(2) For the second term (B,,), simply note that |[Vf(X,)||* < G2, so we have:

O(1/nP) if0<p<1/2,
5, _ Sia RIS _ JOlogn/v)  itp=1/2 (B.11)
Tn O(l/nl_p) if 1/2 <p<l1,
O(1/logn) iftp=1.

Thus, from the above, we conclude that B,, — 0.

(3) For the third term (C),), we will require a series of estimates. First, with a fair
degree of hindsight, let @, = > _, 71+q/2||Zqu. Noting that E[||Z,[|?] < oo (a.s.)

and E[Q | Fn] = Qu_1 + 9?1 Zo||? > Qu_y for all n = 1,2, ..., we deduce that
Q., is a submartingale. Furthermore, we have:

[zwwnz % <z¢+w 12l < 3 A 0/20
n=1
(Zn ”“””) o0, (B.12)
n=1
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i.e., Qn is bounded in L! (recall that p > 2/(q + 2) by assumption). Hence, by
Doob’s submartingale convergence theorem [15, Theorem 2.1], it follows that Q,,
converges (a.s.) to a random variable Qo with E[Qs] < oo (and hence Qoo < 00
with probability 1 as well).

To proceed, we will need to consider two cases, depending on whether ¢ = 2 or
q > 2. For the latter (which is more difficult), we will require the following variant
of Holder’s inequality:

n r n r=1 5,
or_ Sy o
<Z“kﬁk> - <Z> > af (8.13)
k=1 k=1 k=1

valid for all > 1 and all § € (0,1). Then, applying this inequality with oy = 73,
Br = 1Zxl1?, r = q/2 and 6 = (¢ — 2)/(2q), we obtain:

n q/2 n q/2—-1
(zvznzkﬁ) < (z%) M 2 = pa21G,, (B.14)
k=1 k=1

k=1
and hence:
no 20 2 1-2/q ~2/q 2/q
. = i Wl Zel” 7 QA Q;/q, (B.15)
Tn Tn Tn

Since ¢ > 2 and @,, converges (a.s.) t0 Qo, it follows that lim, ., C,, = 0 with
probability 1 (since lim,,_,o, 7, = 00 by our assumptions for v,). Finally, if ¢ = 2,
we have C,, = Q, /7, by definition, so we get C,, — 0 (a.s.) directly.
Putting together all of the above, we get A, + B,, + C;, — 0 with probability 1, and hence,
with probability 1 conditioned on g (since P(€2g) > 0). This means that, for sufficiently
large n, we have

fn+1 S fl - Tn(C/2) (B].G)
which, together with the fact that lim,, o, 7, = 0o, implies that lim, _,~ f(X,) = —oco. This
contradicts Assumption 2 and completes our proof. |

We now move on to the deterministic elements of the proof of Theorem 1. To that end, let
= B.17
a = max f(z) (B.17)
denote the maximum value of f over its critical set, and let
K.=Lg.={2cR: f(z)<a+e} (B.18)
denote the (a + ¢)-sublevel set of f. We then have the following “uniform decrease” estimate:

Lemma B.3. Fiz some € > 0. Under Assumptions 1-3, there exists some 7 = 7(g) such that,
for all z € RY, we have (i) f(®,(z)) < f(z) —¢; or (i) ®,.(x) € K..

Proof. By Lemma B.2, there exists some positive constant ¢ > 0 such that ||V f(z)||* > ¢ > 0
for all z € R4\ K.. Then, with df /dt = —||V f(x(t))|]?, if we let 7, = inf{t > 0: ®(z) € K.},
we get:

f(@e(x)) = f(x) —/0 IV f(z(s)|? ds < f(z) —ct for all ¢ € [0, 7). (B.19)

Accordingly, letting 7 = €/¢, we may consider the following two case:
(1) If 7, > 7, applying (B.19) for ¢t = 7 yields f(®,(z)) < f(x) —e.
(2) Otherwise, if 7, < 7, we have f(®.(x)) < f(P,,(x)) < a + ¢, implying in particular
that &, (z) € K.
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Our claim then follows by combining the two cases above. ]

Finally, we establish below the required comparison bound between an APT of (GD) and
its solution trajectories:

Lemma B.4. Fiz some €,6 > 0. Then, with assumptions and notation as in Lemma B.3,
there exists some tg = to(d,€) such that, for allt >ty and all h € [0, 7], we have:

FX(E+h) < f(@r(X(t) +Go + LL5% (B.20)
Proof. By the definition of an APT, there exists some to = to(d, ) such that
sup ||X(t +h)—Dp(X(@)| <0 (B.21)

for all t > to. Hence, for all t > ¢¢ and all h € [0, 7], we have
FX(E+h)) = F(Pn(X(#) + X (¢ + D) — n(X(2)))
< f(@n(X(®))) + (Vf(n(X (1)), X(E + h) — Pn(X(2)))

+YIX (4 ) — @ (X))
< F@u(X(0)) + CIX (14 h) — (X0 + 2 X (14 h) — 2p(X (1)

L
< F(@R(X(1) + GS + 562, (B.22)
as claimed. ]
With all this in hand, we are finally in a position to formally prove Theorem 1.

Proof of Theorem 1. We will prove the stronger statement that, with probability 1, X ()
converges to the sublevel set L, = {z € R? : f(x) < a} with a defined as in (B.17). Since
the sublevel sets of f are bounded, convergence to L, suffices.

To prove this claim, fix some £ > 0 and let X (¢) be the affine interpolation of the sequence
of iterates X,, generated by (SGD). Under the stated assumptions, Proposition 1 guarantees
that X(¢) is an APT of (GD) with probability 1. Moreover, again with probability 1,
Lemma B.1 guarantees the existence of some (possibly random) ¢; such that X(¢1) € Ko..
To streamline the analysis to come, we will condition our statements on the intersection of
these two events (which still occurs with probability 1), and we will argue trajectory-wise.

Moving forward, Lemma B.3 guarantees the existence of some 7 = 7(g) such that
f(@-(z)) < f(x) — e or ®,(x) € K. for all z € R Fixing this 7 and taking § > 0 such that
Gd + Lé%/2 < e, Lemma B.4 further implies that there exists some ¢y such that (B.20) holds
for all t >ty and all h € [0,7]. Note also that, without loss of generality, we can assume
that t1 > tg; otherwise, if this is not the case, it suffices to wait for the first instance n such
that X,, € Ky and 7, > tg (by Lemma B.1, this occurs with probability 1).

Combining all of the above, we have (i) X (t1) € Ka.; and (i) f(X(t+h)) < f(Pr(X(2)))+e
for all t > ¢; and all h € [0,7]. Since f(Pi(x)) < f(x) for all ¢ > 0, this further implies that

fX(E+h) < f(X(H) +e (B.23)
for all h € [0, 7]. We thus get
F(X(@) < f(X(t))+e<a+3e (B.24)

for all t € [t1,t1 + 7]. Moreover, since X (t1) € Ka., Lemma B.3 also gives @, (X (t1)) € K.
because the two conditions of the lemma coincide if x € Ko.. As a result, we finally obtain

FX(t+7) < f(@(X(1) +e<a+et+e=at2e, (B.25)
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ie, X(t1 +7) € Ko..

From the above, we conclude that (i) X(t) € K3, for all ¢ € [t1,t; + 7]; and, in particular,
(i) X (t1+47) € Ko Proceeding inductively, we get X () € Ks. forallt € [t;+(k—1)7, t1+k7],
k=1,2,...,1e., X(t) € K3 for all t > ¢;. Since ¢ > 0 is arbitrary, this means that X ()
converges to Ky = L, as claimed. ]

APPENDIX C. AVOIDANCE ANALYSIS

As we stated in the main body of the paper, the proof of Theorem 3 will require two
different threads of arguments: a) a series of probabilistic estimates to show that a certain
class of stochastic processes avoids zero; and b) the construction of a suitable (average)
Lyapunov function that grows exponentially along the unstable directions of a strict saddle
manifold.

C.1. Probabilistic estimates. The probabilistic estimates that we will need date back to
Pemantle [35] and concern a class of stochastic processes defined as follows: let Y,,, n =
1,2,..., be a sequence of F,,-measurable random variables, let E,, = ZZ=1 Y), and assume
that

E[E2, |, — E2|F,] > C/n* for some C >0 and alln=1,2,... (C.1)

In the above, E,, will play the role of a “distance measure” from S. Informally, the requirement
(C.1) posits that E,, increases in “root mean square” by ©(v,) where v,, & 1/n? is the step-
size of (SGD); constructing such a process will be the topic of the geometric constructions
of the next section. For now, we state without proof a number of conditions guaranteeing
that the process E,, cannot converge to 0:

Lemma C.1 (0 < p < 1/2; 4, Lemma 4.2). Suppose that (C.1) holds for some p € (0,1/2].
Then, P(lim, . E, =0) =0.

Lemma C.2 (1/2 < p < 1: 36, Lemma 5.5). Suppose that (C.1) holds for some p € (1/2,1].
Assume further that there exist constants a,b > 0 such that, for alln=1,2,..., we have:
(1) |Yn| < a/nP with probability 1.
(2) 1(g,>p/ney E[Yni1 | Fu] > 0 with probability 1.
Then, P(lim, . E, =0) =0.

A first version of Lemma C.2 was originally proven by Pemantle [35] for the special case
p = 1 but the proof techniques are similar for all 1/2 < p < 1; for a more general estimate
(which we will not need here), see Benaim [2, Lemma 9.6].

C.2. Center manifold theory and geometric constructions. We now proceed with the con-
struction of a suitable Lyapunov function that will allow us to apply Lemmas C.1 and C.2.
This construction follows Benaim and Hirsch [3] and Benaim [2] and relies crucially on center
manifold theory; for a general introduction to the topic, we refer the reader to Lee [25], Shub
[41], and Robinson [40].

To begin, let S be a strict saddle manifold as defined in Section 4.2. Then, for all z* € S,
we define the center, stable and unstable directions of z* to be respectively the eigenspaces
of H(xz*) = V2f(x*) corresponding to zero, positive and negative eigenvalues thereof, i.e.,

. ={veR: H(z*)v =0} = ker H(z"), [central directions] (C.2a)
£ ={veR: H(z*)v = v for some A > 0} [stable directions] (C.2b)
&Y ={veR*: H(z*)v = \v for some \ < 0} [unstable directions] (C.2¢)
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The reason for this terminology is that H(z) = Jac(V f(z)), so these subspaces correspond
to directions that are respectively neutral (or slow), attracting, and repelling under (GD).
More preciselly, by the center manifold theorem [40, 41], there exists a neighborhood U of
S and a submanifold M of R?, called the center stable manifold of S, and satisfying the
following: a) M is locally invariant under @, i.e., there exists some positive ¢y > 0 such that
O (UUM) C M for all t > tg; and b) R? = T M B EY for all 2* € S, where Tj- M denotes
the tangent space to M at z*. In view of this: a) perturbations along central directions are
tangent to M and are thus expected to evolve “along” M under (GD); b) stable perturbations
along &2. will converge along M to § under (GD); and ¢) unstable perturbations along E%
are transverse to M and may escape.

A key property of M is that any globally bounded orbit of (GD) which is contained in a
sufficiently small neighborhood of 2* € § must be entirely contained in M [41]. Moreover,
by the non-minimality assumption for S, it follows that d,, = dim &Y > 1, so the dimension
of M is at most d — 1. This suggests that perturbations along any direction that is transverse
to M will be repelled under (GD); we make this statement precise in the lemma below.

Lemma C.3. Let Ui(z) = V,P:(x*) denote the infinitesimal generator of the flow of (GD).
Then:

(1) The unstable subspaces EL are invariant under (GD); specifically, Wi(x*)EY = EL
forallt >0 and all x* € S.

(2) There exists a positive constant ¢ > 0 such that, for all z* € S, w € EY and t > 0,
we have

1@ (z")w]| = e fuwl. (C.3)

Remark 1. In the above (and what follows), we write AW for the image of a vector space W
under a linear operator A. Specifically, if A: V' — V' is a linear operator between two vector
spaces V and V', and if W <V is a subpace of V, we let AW =ims(W) = {Aw : w € W}.
We also treat linear operators and matrices interchangeably.

Remark 2. The proof of Lemma C.3 (and, in fact, all of our analysis in this section) does not
require the uniformity condition min Ay (H (z*)) > ¢4 for the Hessian’s positive eigenvalues
(if such eigenvalues exist). We only make it to simplify the presentation and avoid cases
where the dimension of £J. may change; in that case, it would be sufficient to work with a
subset of S over which this does not occur.

In words, Lemma C.3 states that a) the unstable directions along S are consistent with
the flow of (GD); and b) perturbations along unstable directions are repelled from S at a
geometric rate. The proof is as follows:

Proof of Lemma C.3. Recall first that, for all ¢ > 0 and all * € R?, we have ¥,(x) =
V. ®(x) = exp(tJac(—V f(x))) = exp(—tH(x)). Therefore, since S consists entirely of
stationary points of (GD), we readily get

Wy (2*)EL = e tHE ) gy,

= OOE (_t)kH(:L‘*)kS"* = OOE (_t)ké'“* {because H(z*)E% = EL}
k=0 k=0
= tEY = &N, {C.4}

so our first claim follows.
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For our second claim, let {u; : i = 1,...,d} be an orthnormal set of eigenvectors of H (z*).
Moreover, let \; = A\;(z*) < 0 be the eigenvalue of H(z*) corresponding to u;, and assume
without loss of generality that the indexing labels ¢ = 1, ..., d have been chosen in ascending
eigenvalue order, i.e., Ay <--- < Ag. It then follows that {u; : i = 1,...,d, = dimE%}
is an orthonormal ba&s of 5 . consisting entirely of eigenvectors of H ( ) Thus, writing
w =Y, w;u; for a given vector w € £X , we have:

Uy (2w = e HE )y = Zw et )y, = sz Mg, (C.5)

where, in the last step, we used the fact that u; is an eigenvector of H(x*) with eigenvalue \;
(and hence, also of e *#(*") with eigenvalue e~**+). Therefore, by orthonormality, we obtain:

12 (2" Y] Ze Mwf > e w]? (C.6)

where c_ > 0 is defined in Section 4.3. [ |

To proceed, we will need to define a suitable “projector” from neighborhoods of S to M.
To carry out this construction, consider the vector bundle

g ={(a",w): 2" €S,weEL} (C.7)

of the unstable directions of (GD) over S. Since each £Y is a subspace of R?, we can
view £% as a map from S to the Grassmannian Gr(d,,d) of d,-dimensional spaces of R
By the Whitney embedding theorem [25], Gr(d,,d) can be embedded as a d,, x (d — d,,)-
dimensional submanifold of R?®(4=dw); a5 such, ¢ may be seen as a map S — R2du(d—du)
with values in Gr(d,,,d) < R2¥(4=4w) Since S is closed (as a connected component of X'*),
the Tietze extension theorem [1] further implies that this map admits a continuous extension
7: RY — R2du(d=du) to all of RY. By mollifying this map with an approximate identity
supported on S, we can further assume that this extension is smooth in a neighborhood
of 8. Moreover, by standard results in differential topology [16, Chap. 4], there exists a
smooth retraction of a neighborhood of Gr(d,, d) onto Gr(d,,d) in R2du(d=du) Hence, by
composing 7 with this retraction, we finally obtain a smooth vector bundle

& ={(z,w):xelU,we &)} (C.8)

which, by construction, coincides with £% over S (explaining the slight abuse of notation).

By taking a smaller neighborhood if necessary, we may assume that U is compact and
coincides with the one in the definition of M, i.e., ®;(U N M) C M for small enough t. We
may now construct a “projector” from a (potentially smaller) neighborhood of M to M
as follows: First, consider the simple vector addition mapping Q: &} — R? = R? sending
(z,w) € &% — x+w € R Clearly, the zero section (,0) of &% is mapped diffeomorphically
to U so, by the inverse function theorem [25], it follows that @ is a local diffeomorphism.
Thus, letting U’ be a neighborhood of M over which @ is a diffeomorphism, and letting
Uy = QU’"), we get a map IT: Uy — M such that

Iy) =2 <= Qr,w)=z4+w=y (C.9)

The reason for this sophisticated construction (as opposed to e.g., taking a Euclidean
projection from Uy to M) is that II respects the unstable directions of S under (GD). More
precisely, we have:

4That such a set exists follows from the fact that H(z*) is symmetric.
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Lemma C.4. Forx €U, let Pp: T,M @ EY — T, M denote the projection

z4+w = P(z+w)= z (C.10)

m
T, M&E" T, M

Then, for all x € Uy N M, we have Jac(Il(x)) = Py.
Proof. Let y(t), t € (—1,1) be a smooth curve on Uy going through =z = y(0) € M at
time t = 0, and let x(t) = II(y(¢)) so y(t) = x(t) + ¥ (¢) for some smooth (t) € Elwy- By
differentiating, we get (0) = &(0) +1(0); since z(t) € M and ¥(t) € w1 for all £, we readily
get ©(0) € T,y M and ¥(0) € &) Letting z = #(0) and w = ¢)(0), this shows that the
pushforward of §(0) = z+w under IT at z is DI, (z +w) = Jac(Il(z))(z4+w) = 2z = Pr(z4w).
With y(¢) arbitrary, our claim follows. [ ]

We are finally in a position to define a “potential function” on U as

Vy) = IM(y) = yll (C.11)

i.e., as the (normed) distance of y € Uy from its vector projection II(y) on M along the
unstable directions of (GD). By construction, we have

V(y) >0 with equality if and only if y € M NUp. (C.12)
Coupling (C.12) with Lemmas C.3 and C.4, we see that f satisfies the requirements of

Benaim |2, Proposition 9.5], which, when adapted to our setting, provides the following:

Proposition C.1 (2). There exists a compact neighborhood Us of S, a positive constant 8 > 0,
and a time horizon T > 0 such that the energy function

B(z) = /OTV(Qt(m))dt v € Us, (C.13)

enjoys the following properties:

(1) For all x € Us, E has a Lipschitz continuous and positively homogeneous right
derivative VT E(x);® in addition, E is continuously differentiable on Us \ M.

(2) For all x € Us, we have

V*TE(z)[Vf(z)] < —BE(x). (C.14)
In particular, for all x € Us \ M, we have:
(VE(z),Vf(x)) < —BE(x) (C.15)

(8) There exists a constant o > 0 such that, for all x € Us and all sufficiently small
v € R%, we have

E(z +v) > E(z) + VY E(z)[v] — %an? (C.16)
(4) There exists a constant B > 0 such that, for all v € R?, we have:
IVE(x)|| > B for all x € Us \ M, (C.17a)
and
V1E(z)[v] > B||Pe(v) — v forallz € Us N M. (C.17b)

Proposition C.1 follows from Benaim [2, Proposition 9.5], so we do not present a proof.
More important for our purposes are the following immediate consequences thereof:

SRecall here that a function ¢ has a right derivative when the limit V¢(z)[v] = lim,_, o+ [¢(z+tv)—d(z)]/t
exists for all v € R<.
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(1) By (C.15), the energy E(x(t)) of a solution orbit z(¢) of (GD) will grow at a (locally)
geometric rate if z(¢) doesn’t already lie in the center stable manifold M of S.
This means that asymptotic pseudotrajectories of (GD) that do not lie on M for
arbitrarily long windows of time will also escape M (and hence S).

(2) The bound (C.16) provides the basis for a discrete-time version of the above argument:
as long as X, is sufficiently close to S, the energy before and after a stochastic
gradient step will be linked as

2
[e%
E(Xat1) 2 B(Xa) + BruB(Xa) = yath = 2= Vall, (C.18)

where v, is an additive noise term which is non-antagonistic in expectation. This
means that, on average, the iterates E,, = E(X,,) will grow at a (locally) geometric
rate, so X, cannot remain in the vicinity of S for very long periods.

To make the above precise, we will need to invoke the probabilistic estimates stated in
Appendix C.1. We do so in the following section.

C.3. Avoidance of saddle-point manifolds. For convenience, we begin by restating our main
avoidance result below:

Theorem 3. Suppose that (SGD) is run with a variable step-size sequence of the form
Yn < 1/n? for some p € (0,1]. If Assumptions 1-5 hold (with ¢ = oo for Assumption /),
and S is a strict saddle manifold of f, we have P(X, — S as n — o0) = 0.

Proof. Our proof follows the arguments of Benaim and Hirsch [3], suitably adapted to our
setting. To begin, let Us be the compact neighborhood of S identified in Proposition C.1
and assume without loss of generality that X; € Us. We may then define the exit time from
Us as

Ts=inf{n>1:n ¢ Us}. (C.19)

We will prove our claim by showing that Ts < co with probability 1.
To that end, consider the process

Vo - E(X,+1)— E(X,) ifn <Ts,
m Yn otherwise,

(C.20)

with F(Xy) = 0 by convention. Heuristically, Y,, measures the change in energy of X,, as
long as it remains in Ugs; subsequently, for book-keeping purposes, it is incremented by a
token amount of v, per iteration once X, exits Us. To make this idea more formal, let

E, = ZYk (C.21)
k=1

so B, = E(X,) if X,, € Us while E,, = O(7,) after X,, exits Us.

Assume now that X,, € Us for all n (i.e., Ts = 00). By Theorem 2, every limit point
Z of X,, must be contained in S, so, by (C.12), we must have lim,,_,, F,, = 0. Hence, to
establish our claim, it suffices to show that P(E,, — 0) = 0. We will do this by showing that
Y,, defined as in (C.20) satisfies the requirements of Lemmas C.1 and C.2.

We begin with the conditions required by Lemma C.2 for the case 1/2 < p < 1:

(1) For the condition |Y;,| = O(1/nP) of Lemma C.2, the claim is tautological if n > Ts.
Otherwise, if n < Ts, note that

[ Xnt1 — Xall = wllVall S wllIVF) + 1 Z0l]] < 90(G +0) (C.22)
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by Assumptions 1 and 4 (recall here that we are taking ¢ = oo in Assumption 4).
Since X,, € Us as long as n < T, and given that F is continuously differentiable on
Us (and hence Lipschitz continuous therein), we also have:

B(Xos1) — E(Xa)| = O(| Xos1 — X)) = O() = O(1/n?), (C.23)
as claimed.
(2) For the condition 1{g,~p/nry E[Yni1|Fn] > 0, note first that if n > Ts, then
Y, = Yn, so
]1{n>Ts} EY,t1 | Fn] > ﬂ{n>T5} Yn > 0. (C.24)
Otherwise, if n < Ts, we have X,, € Us, so Proposition C.1 yields
Yoi1 = E(Xpq1) — E(Xn) 2 By E(Xn) — Ynthn — 20‘72(60 + ‘72)7 (C.25)

where we set

and used the estimate ||V,,||* = ||V £(X0)+Zall”> < [IVF(X) P41 Z0|I”] < 2(G2+02)
(compare also with (C.18) and the surrounding discussion). By the conditional Jensen
inequality and the definition of V¥ E(x), we have

E[Yn | Fo] = E[VTB(X,)[Zn] | Fo] > VT E(X,)[E[Z, | Fa]] = 0. (C.27)
which, in turn, implies that
Tin<rsy ElYnt1|Fnl > n Lin<rsy [5E(Xn) - 20‘(G2 + UQ)’YH]- (C.28)

Hence, taking b > 0 such that b3/n? = 2a(G?+0?)y,, and recalling that E,, = E(X,,)
if n <Ts, we get
Lig, >b/mey Lin<rs) BYas1 [ Ful > Lz, so/mran<tsy [BEn — 20(G* + 0%) ]
> 14p, >b/mran<Ts) [0B/NF — 20(G? + ‘72)%]
> 0. (C.29)

Thus, combining the above, we conclude that the specific conditions required to
apply Lemma C.2 are satisfied.

We are left to establish the general condition (C.1) which is required to apply both
Lemmas C.1 and C.2; the proof is the same for all p € (0,1], so we no longer assume
1/2 < p <1 below. To begin, note that

E[Ei—&-l - E721 ‘]:n] = IE[Ynz-',-l |]:n] + 2EnE[Yn+l |]:n]
= IE[Yn2+1 | }—n] +2E, ]]-{Engb/nf’} E[Yn+1 ‘ fn}
+2E, i, >b/ne} E[Ynt1 | Fol
> E[Y 41 | Ful + 2En Lig, <b/nry BVt | Ful, (C.30)

where, in the last line, we used the inequalities proved in the previous paragraph, namely
(C.24) and (C.29). To proceed, recall that ¥;, =, > 0 if n > Ts, so, by (C.28) we get

E[E: ;1 — B2 | Fol > E[Y,2, | Fol
+ 2B, 1, <bmey Dinere) EVo 1| o]
> E[Y, | Fnl
+ 29 B g, <b/nry Lin<ts) [BEn — 20(G? + 0%) 7]
> E[Y [ Ful = 29 - 0/0" - 20(G? + 0%y
=E[Y2 | | Fn] — 40287 HG* + 0%)*72. (C.31)
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In view of the above, to establish (C.1), it suffices to show that E[Y,2, | F,,] > B~2 for
some B > 0 and sufficiently large n. In this regard, Jensen’s inequality gives
B | Fal 2 B[V, | Fal® (C.32)
so it suffices to show that E[Y,', | | F,,] = Q(v,). This is trivial if n > T's, so we are left to
treat the case n < Ts. For this case, (C.25) gives
Linersy B0 | Pl 2 Lners) 1 Bl [ Fal = 2Lncory o G* + 0%y (C.33)
meaning that we need to focus on the expectation E[z),, | Fy].

We consider two further cases (this is where Assumption 4 kicks in and plays a crucial role).
First, if X,, ¢ M, Proposition C.1 and Assumption 5 applied to v = =VE(X,,)/[|VE(X,)||
give

]l{ngTs/\XneM} EWJ; |-7'—n] - ]I{nSTs/\XniM} EK*VE(Xn)v Zn>+ |]:n]
> Tin<rsax, gy <l VE(X)|
> Belfnarsax,g My - (C.34)

Otherwise, if X,, € M (which, heuristically, should only happen with probability 0), choose
a unit normal vector u,, such that

(Un,z) =0 forall z € Tx, M. (C.35)
)

Since the projector Px, defined in (C.10) takes values in T'x, M, we will have (u,,, Px,, (Z,)) =
0, and hence:

(Uny Zn) = (U, Zn — Px, (Zy)). (C.36)
Therefore, by Proposition C.1, we get the chain of inequalities:
E[[VTE(X,)[Z.])] | Fal > BE||Px, (Z,) — Zul| | F) {by Proposition C.1}
> BE[(tn, Zyn — Px, (Zn))" | Ful {by Cauchy-Schwarz}
= BE[(un, Zn)" | Fu] {by (C.36)}
> Be {by Assumption 5}

valid on the event {n < Ts A X,, € M}.
Putting together all of the above, we finally get

Lin<rsy ElYy | Fal = Lin<rsy Be (C.37)

and hence, by (C.33):
E[Y,51 | Fal 2 Bevn —2a(G® + o)y = Q) (C.38)
on the event {n < Ts}. This completes our proof. |

APPENDIX D. RATES OF CONVERGENCE

Our aim in this appendix is to establish the rate of convergence of (SGD) to local minima
that are regular in the sense of Hurwicz, i.e., H(x*) > 0. For convenience, we restate the
relevant result below:

Theorem 4. Fiz some tolerance level § > 0, let x* be a reqular minimizer of f, and suppose
that Assumption 4 holds. Assume further that (SGD) is run with a step-size schedule of the
form v, =~/(n+m)P for some p € (2/(q+ 2),1] and large enough m,~v > 0. Then:

(1) There exist neighborhoods U and Uy of x* such that, if X1 € Uy, the event
Oy ={X, €U foralln=1,2,...} (10)
occurs with probability at least 1 — 4.
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(2) Conditioned on y, we have
E[| X, — 2*|* [ Q] = O(1/n?). (11)

Auxiliary results. The proof of Theorem 4 requires several ancillary results, which we state
and prove below. The first is a lemma on numerical sequences, usually attributed to Chung

[9]:

Lemma D.1 (9, Lemma 1). Let a,, n =1,2,..., be a non-negative sequence such that
P R
1 < |l=— —ay, + —— D.1
s < [1= g+ e (-1

where p € (0,1], r > 0 and P,R > 0. Then:
(1) If p < 1, we have

R 1 1
< —— — . D.2
a"_PnT+O<nT> (D.2a)
(2) If instead p =1 and P > r, we have
R 1 1
n < — - . D.2b
tn = P—rn +0(n> ( )

The next ingredient of the proof of Theorem 4 provides a handle on the local behavior of
f near a regular minimizer:

Lemma D.2. Let z* be a regular minimum of f. Then, there exists a conver compact
neighborhood K of * and constants a, B > 0 (possibly depending on KC) such that

afz —2*|]* < (Vf(z),z —2") < Bllz —2*|* for all z € K. (D.3)

Proof. Let K be a sufficiently small convex compact neighborhood of x* such that H(z) > 0
for all x € K (that such a neighborhood exists is a consequence of the regularity of z*
and the smoothness of f). Then, by compactness, there exist constants «, such that
al < H(z) < pI for all x € K. Moreover, for all z € KC, we have

1
Vi(x)= (:cfx*)—r/o H(z* +t(x —2™)) dt, (D.4)

where we used the fact that V f(z*) = 0 (since z* is a minimizer of f). Hence, multiplying
both sides by x — z*, the mean value theorem for integrals yields:

1
(Vi(x),z—2") = / (x —2*) T H(z* +t(x — 2))(x — x*) dt
0
=(z—x*)"H(z")(z — z¥) (D.5)
for some 2’ € [z*,z]. Since ol < H(z') < I, our claim follows. |

Thanks to Lemma D.2, we obtain the following recursive estimate for (SGD):

Proposition D.1. Let x* be a regular minimum of f and let K and o be as in Lemma D.2.
Assume moreover that X, € KC for some n > 1 and let

1 *
D, = §||Xn —z*|% (D.6)

We then have:
Dn+1 S (1 - 20‘77L)Dn + ’Ynfn + %7721||V7LH27 (D7)

where &, = —(Z,, X, — x*) is a martingale difference sequence.
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Proof. Recall first that X, 11 = X,, — v,(Vf(X,) + Z,,) where Z, is the gradient error at
X,. Then, by the definition of D,,, we have:

Dpy1 = 31 X1 — 2| = 31 X0 — 2 — 3V
= L1X0 — 2" = Vi, X — 27) + 392 Vaa1?
= Dy = 1(VF(Xn), X = 2%) = Y (Zn, X — 27) + 372 Vil
< D — amnll X — 2% + Y + 372 1Val?
= (1= 20,) Dy + Y + 392 Vall? (D-8)

where the second-to-last line follows from Lemma D.2. Since E[&, | Fp] = (E[Z, | Fnl, Xn
x*) = 0, our claim follows (recall here that, by definition, Z,, is not F,-measurable but X,
is). [ |

With these basic results at our disposal, the proof of Theorem 4 will roughly follow the
technical trajectory outlined below:

(1) By Proposition D.1, D,, grows at most by y,&, + %’y?bHVn||2 at each step. This
quantity can be big for any given n but we will show that, with high probability
(and, in particular, with probability at least 1 — §), the aggregation of these errors
remains controllably small. This will be the most technical and involved part of our
argument.

(2) Using the above, we will show that, with probability at least 1 — 4, D,, cannot grow
more than a token quantity €. As a result, if the initial distance to z* is not too big,
X, will remain in a neighborhood thereof for all time.

(3) For the final part of the theorem, we will condition on this event to map (D.7) to a
recursion of the form (D.1), and we will subsequently employ Lemma D.1 to obtain
the stated result. The main problem here is that, after conditioning, the noise in
(D.7) is no longer zero-mean, so we will need to adapt our analysis to the new noise
distribution.

We make all this precise below. For convenience, we focus on the case p > 1/2; the case
p € (2/(g+2),1/2] follows by modifying the arguments that follow with the Holder estimates
we introduced in the proof of Lemma B.1.

Controlling the error terms. We begin by encoding the error terms in (D.7) as

n
My =" b (D.9)
=1
and
1 n
Since E[¢,, | Fn] = 0, we have E[M,, | F,] = M,,—_1, so M, is a zero-mean martingale; likewise,

E[S, | Fn] > Sn—1, so S, is a submartingale. Interestingly, even though M,, is more “neutral”
as an error (because ,, is zero-mean), it is more difficult to control because the variance of
its increments is

]E[H'Ynfn”Q | Fn] = '7721E[<Zm Xn — x*>2 | Fo] (D.11)
and this last quantity can become arbitrarily big if X,, does not remain in the vicinity of

2* (which is what we are trying to prove). Because of this, we need to take a less direct,
step-by-step approach to bound the total error increments conditioned on the event that X,
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remains close to z*. Our approach builds on a range of ideas and techniques due to Hsieh
et al. [17, 18] and Mertikopoulos and Zhou [30].
We begin by introducing the “cumulative mean square” error
R, = M2+ S,. (D.12)
By construction, we have
Rn = (Mn—l + 7n£n)2 + Sn—l + %VELHVTLHQ
= Rn—l + 2Mn—1’7’n§n + 73; 72L + %’Y%HVnHZ (Dlg)
and hence, after taking expectations:
E[Ry | Fu] = Rno1 +2My 179 Blén | Pl + 2 B + 3Vall* [ Fu] > Ry (D.14)
i.e., R, is a submartingale. To condition it further, let ¢ be a neighborhood of z*, let € > 0,
and define the events
Q,=QU)={X, eUforall k=1,2,...,n} (D.15)
and
E,=E,(¢e)={Rp<ceforallk=1,2,...,n}. (D.16)
By definition, we also have Qg = Ey = Q (because the set-building index set for k is empty
in this case, and every statement is true for the elements of the empty set). These events
will play a crucial role in the sequel as indicators of whether X,, has escaped the vicinity of
x* or not.
To proceed, we will instantiate &/ and e in the definition of 2 and F respectively as
follows. First, for (D.15), we will choose a neighborhood U contained in the convex compact
neighborhood K of z* (whose existence is guaranteed by Lemma D.2); in particular, this

implies that (D.3) holds for all © € U. Moreover, with a fair degree of hindsight, we will also
choose € > 0 such that

{z eRY: || — 2*|® < 4e + 2vE} CU. (D.17)
and we will assume that X; is initialized in a neighborhood U; C U such that
Uy C{z eR: ||z —2*|* < 2} (D.18)

These will be the neighborhoods U and U; whose existence is postulated by Theorem 4.
Then, with all this in hand, we have:

Lemma D.3. Let x* be a regular minimizer of f as above and assume that Assumption 4
holds. Then, for alln=1,2,..., we have:
(1) Qi1 C€Qp and Epq C Ey,.
(2) E,—1 CQ,.
(8) Consider the “large noise” event
En=E, 1\E,=E,_1N{R, > ¢}
={Rp<e forallk=1,2,...,n—1 and R, > ¢}, (D.19)
and let ]:En = R, 1g,_, denote the cumulative error subject to the noise being “small”
until time n. Then:
E[R,) < E[Rp_1] + [G* + (1 +15)0%]72 — e P(E1), (D.20)
where 1y = sup,ey ||z — 2*|| and, by convention, we write Ey = & and Ry = 0.

Remark. In the above (and what follows), the notation 1 4 is used to indicate the logical
indicator of an event A C Q, ie., Tg(w) =1if w € A and 1 4(w) = 0 otherwise.
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Proof. The first claim is obvious. For the second, we proceed inductively:

(1) For the base case n =1, we have Oy = {X; e U} D {X; € U1} = Q because X7 is
initialized in Uy C U. Since Ey = €2, our claim follows.

(2) For the inductive step, assume that E,_; C Q, for some n > 1. To show that
E, C Qp,41, fix arealization in E, so Ry, < eforallk =1,2,...,n. Since E,, C FE,_1,
the inductive hypothesis posits that €2, also occurs, i.e., Xy € U forall k =1,2,... n;
hence, it suffices to show that X,, 1 € U.
To that end, given that X € U C K for all k = 1,2,...n, the distance estimate
(D.7) readily gives

D1 < Dy + b + 292|[Vi|)® forall k =1,2,...n. (D.21)
Therefore, after telescoping, we obtain
Dpi1 <Dy + M, +8, <Dy ++/R,+Ry<e+ete=2+ /e (D.22)
by the inductive hypothesis. We conclude that || X,41 — %[> = 2D,41 < 4e + 24/Z,

s0 Xp+1 € U and the induction is complete.
For our third claim, we decompose R, as
R,=R,1g, =R, 11p, , +(Rn— Ry 1)1g, ,
=Ry 1lp, ,—Ryalp  +(Ry—Rya)lg,
=Ry1+(Ry—Ru-1)1lp, , —Ro1lp

n—1
L (D.23)

where we used the fact that E,_1 = F,,_2 \ FE,_1 so 1g, , =1g, ,— 15 | (recall here
that E,_1 C E,_2). Now, to proceed, (D.13) yields

Ry — Rno1 = 2Mp 17n&n + 7262 + 3921 Vall? (D.24)
SO
E[(Rn — Rn-1)1g,_,] = 29, E[M,—1&, 15, _,] (D.25a)
+ 7 El€ 15, ] (D.25b)
+ 3 E(Val* 15, ) (D.25¢)

However, since E,_1 and M,,_1 are both F,-measurable, we have the following estimates:
(1) For the noise term in (D.25a), the second part of Proposition D.1 gives:
E[M,—1&é, 15, ] =E[M,_11g,_, E[§, | Fn]] =0. (D.26)

(2) The term (D.25b) is where the conditioning on E,,_; plays the most important role
because it allows us to control the distance || X,, — z*||. Specifically, we have:

E[6: 15,_,] = E[lg,_, E[(Z, X, — @%)7 | F]
<E[lg, | Xn—z*|PE[|Za] | Ful] {by Cauchy—Schwarz}
E[Lq, | Xn — «*|* E[| Za]| | Fu)) {because E, 1 C Qn}
< ’I“u0'2. {by Assumption 4}

(3) Finally, for the term (D.25¢), we have:
E[[Vall* 15, ] E[IVal’] < 2E[IVA(Xn)[” + 11 20]"] < 2(G% +0%), (D.27)

with the last step following from Assumptions 1 and 4.



28 P. MERTIKOPOULOS, N. HALLAK, A. KAVIS, AND V. CEVHER

Thus, putting together all of the above, we obtain:
E[(Ry — Ru-1)1p,,] < [G* + (L + 1)o7, (D.28)

n

Going back to (D.23), we have R, > ¢ if En,l occurs, so the last term becomes
ER,_11z |>cE[lg |=cP(E,_1). (D.29)
Our claim then follows by combining Egs. (D.23), (D.27) and (D.29). ]

Controlling the probability of escape. Lemma D.3 is the technical key to show that X,
remains close to x* with high probability; we formalize this in a final intermediate result
below.

Proposition D.2. Fiz some tolerance level § > 0. If Assumption 4 holds and (SGD) is run
with a step-size schedule of the form v, = v/(n 4+ m)P for some sufficiently large m > 0, we
have

P(E,)>1—-§ foralln=1,2,... (D.30)

Proof. We begin by bounding the probability of the “large noise” event E,=E,_1 \ E, as
follows:

P

P(E,) En 1\ En) = P(En 1 N{Ry > €})

(
g, X L{g, >
[
(R

Lg, , x(Ry/¢)]
nl/€ (D.31)

IN

E
E
E[R

where, in the second-to-last line, we used the fact that R, >0 (so 1{g,~.} < R,/¢). Now,
by telescoping (D.20), we get

Bl < B[R] + RS 27— e 3 Bl ) D32)

k=1 k=1

where we set R, = G? + (1 + r})o?. Hence, combining (D.31) and (D.32), we obtain the

estimate
S B < &
k=1

where we set T'= 3>2°° 72 =~23"% (n+m)~? and we used the fact that Ry = 0 and
Ey = @ (by convention).

By choosing m sufficiently large, we can ensure that R.I'/e < §; moreover, since the
events E), are disjoint for all k =1,2,..., we get

(U ) ZP Ep) < (D.34)

k=1

(D.33)

and hence:

(ﬂ ) o1 0.5

as claimed. ]
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Putting everything together. We are finally in a position to combine all of the ingredients
for the proof of Theorem 4.

Proof of Theorem 4. To begin, define Y and U; as in Lemma D.3. Then, by construction,
we have:

QuE{Xneuforalln:LQ,...}:ﬂﬂn. (D.36)
n=1

Since the sequence €, is decreasing and Q,, 2 E,_; (by the second part of Lemma D.3),
Proposition D.2 yields

P(Qy) = inf, P(Qy,) > inf, P(E,-1) > 1 -4, (D.37)

provided that m is chosen large enough. This proves the first part of the theorem, i.e., to
the effect that X, remains close to x* with probability at least 1 — 4.
For the second part of the theorem, Proposition D.1 readily gives

Dyi1lo, < (1—2av,)Dnlq, +ymén + 392]Vall’] 1a, - (D.38)

Now, for any given v, we can choose m sufficiently large so that inf, (1 — 2a7y,) > 0 and
P(Qy) > 1 — § (the latter by Proposition D.2). Moreover, working as in the proof of
Lemma D.3, we get

B[+ 11 10, ] = E[10. B + 2| 7]
< V2(G? +0?). (D.39)

Then, letting D,, = E[D,, 1, ] > 0 and recalling that Q2,41 C Q, (so 1o,,, < 1g,), the two
estimates above yield

Dn+1 S E[DnJrl ]lQn] S (1 - 2a7n)Dn + (G2 + 0'2)'7721

2ary _ (G* +0%)y?
<|1—-—|D —_— D.40
—{ (n+m)p} " (D-40)
Thus, by Lemma D.1, we obtain the bounds:
- G*+o?% v 1 .
and
B 2 2.2 1
D<o (L ifp=1, (D.41b)
2y — 1 n np

provided that 2a-y > 1 for the latter. The claim of the theorem then follows by noting that

1 X0 — 2| Ra,] _ 2
P(Qy) =1-5

B X, — )2 | 00 < 2 b, (D.42)

and applying Egs. (D.41a) and (D.41b). [ |
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Figure 4: Results for training ResNet18 model for classification over CIFAR10
dataset, with cooldown heuristic. Constant step-size SGD is run for 100 epochs
and cooldown phase starts at epochs 70, 80, 90 and 95, with diminishing step-size
policy of 1/n.

APPENDIX E. NUMERICAL EXPERIMENTS

In this appendix, we present some more details on our ResNet training setup and some
additional numerical results. We used the python/pytorch implementation of Resnet18 from
the torchvision package and, for consistency, we downloaded the CIFAR10 dataset from the
same package. For training/evaluation purposes, we used the the standard training/test split
of 50000,/10000 examples, with training and test batches of size 120.

The purposes of our experiments is to demonstrate the possible benefits of the “cooldown”
heuristic that is derived from our convergence analysis in Section 4. To that end, we initially
trained the model with constant step-size (SGD) whose step-size is picked through grid-search
over the set {1,1071,1072,1073,107*}. We then took checkpoints of the model at certain
epochs and launched the cooldown heuristic from such points with a 1/n step-size policy. It
is important to emphasize that the iteration counter n starts at the first iteration of cooldown
phase so that we have a “continuous” sequence of step-sizes across epochs. In Fig. 4, we
provide the complementary plots for the setting described in Section 5, again exhibiting a
clear benefit (especially in test accuracy and loss) when using the cool-down heuristic for the
last part of the experiment’s runtime budget.
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