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Abstract

We study the generalization performance of gradient methods in the fundamental stochastic convex
optimization setting, focusing on its dimension dependence. First, for full-batch gradient descent
(GD) we give a construction of a learning problem in dimension d = O(n?), where the canoni-
cal version of GD (tuned for optimal performance on the empirical risk) trained with » training
examples converges, with constant probability, to an approximate empirical risk minimizer with
Q(1) population excess risk. Our bound translates to a lower bound of Q(Vd) on the number
of training examples required for standard GD to reach a non-trivial test error, answering an open
question raised by Feldman (2016) and Amir, Koren and Livni (2021) and showing that a non-trivial
dimension dependence is unavoidable. Furthermore, for standard one-pass stochastic gradient de-
scent (SGD), we show that an application of the same construction technique provides a similar
Q(Vd) lower bound for the sample complexity of SGD to reach a non-trivial empirical error, despite
achieving optimal test performance. This again provides for an exponential improvement in the
dimension dependence compared to previous work (Koren et al., 2022), resolving an open question
left therein.

1. Introduction

The study of generalization properties of stochastic optimization algorithms has been at the heart of
contemporary machine learning research. While in the more classical frameworks studies largely
focused on the learning problem (e.g., Alon et al., 1997; Blumer et al., 1989), in the past decade it has
become clear that in modern scenarios the particular algorithm used to learn the model plays a vital
role in its generalization performance. As a prominent example, heavily over-parameterized deep
neural networks trained by first order methods output models that generalize well, despite the fact
that an arbitrarily chosen Empirical Risk Minimizer (ERM) may perform poorly (Zhang et al., 2017;
Neyshabur et al., 2014, 2017). The present paper aims at understanding the generalization behavior
of gradient methods, specifically in connection with the problem dimension, in the fundamental
Stochastic Convex Optimization (SCO) learning setup; a well studied, theoretical framework widely
used to study stochastic optimization algorithms.

The seminal work of Shalev-Shwartz et al. (2010) was the first to show that uniform convergence,
the canonical condition for generalization in statistical learning (e.g., Vapnik, 1971; Bartlett and
Mendelson, 2002) may not hold in high-dimensional SCO: they demonstrated learning problems
where there exist certain ERMs that overfit the training data (i.e., exhibit large population risk),
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while models produced by e.g., Stochastic Gradient Descent (SGD) or regularized empirical risk
minimization generalize well. The construction presented by Shalev-Shwartz et al. (2010), however,
featured a learning problem with dimension exponential in the number of training examples, which
only served to prove an Q(logd) lower bound on the sample complexity for reaching non-trivial
population risk performance, where d is the problem dimension. In a followup work, Feldman
(2016) showed how to dramatically improve the dimension dependence and established an Q(d)
sample complexity lower bound, matching (in terms of d) the well-known upper bound obtained
from standard covering number arguments (see e.g., Shalev-Shwartz and Ben-David, 2014).

Despite settling the dimension dependence of uniform convergence in SCO, it remained unclear
from Shalev-Shwartz et al. (2010); Feldman (2016) whether the sample complexity lower bounds
for uniform convergence actually transfer to natural learning algorithms in this framework, and in
particular, to common gradient-based optimization methods. Indeed, it is well-known that in SCO
there exist simple algorithms, such as SGD, that the models they produce actually generalize well
with high probability (see e.g., Shalev-Shwartz and Ben-David, 2014), despite these lower bounds.
More technically, the construction of Feldman (2016) relied heavily on the existence of a “peculiar”
ERM which does not seem reachable by gradient steps from a data-independent initialization, and
it was not at all clear (and in fact, stated as an open problem in Feldman, 2016) how to adapt the
construction so as to pertain to ERMs that could be found by gradient methods.

In an attempt to address this issue, Amir et al. (2021b) recently studied the population perfor-
mance of batch Gradient Descent (GD) in SCO, and demonstrated problem instances where it leads
(with constant probability) to an approximate ERM that generalizes poorly, unless the number of
training examples is dimension-dependent.! Subsequently, Amir et al. (2021a) generalized this result
to the more general class of batch first-order algorithms. However, due to technical complications,
the constructions in these papers were based in part on the earlier arguments of Shalev-Shwartz
et al. (2010) rather than the developments by Feldman (2016), and therefore fell short of establish-
ing their results in dimension polynomial in the number of training examples. As a consequence,
their results are unable to rule out a sample complexity upper bound for GD that depends only
(poly-)logarithmically on the problem dimension.

In this work, we resolve the open questions posed in both Feldman (2016) and Amir et al.
(2021b): Ouwur first main result demonstrates a convex learning problem where GD, unless trained
with at least Q(Vd) training examples, outputs a bad ERM with constant probability. This bridges
the gap between the results of Feldman (2016) and actual, concrete learning algorithms (albeit with
a slightly weaker rate of Q(Vd), compared to the Q(d) of the latter paper) and greatly improves on
the previous Q(log d) lower bound of Amir et al. (2021b), establishing that the sample complexity
of batch GD in SCO has a significant, polynomial dependence on the problem dimension.

Furthermore, in our second main result we show how an application of the same construction
technique provides a similar improvement in the dimension dependence of the empirical risk lower
bound presented in the recent work of Koren et al. (2022), thus also resolving the open question left
in their work. This work demonstrated that in SCO, well-tuned SGD may underfit the training data
despite achieving optimal population risk performance. At a deeper level, the overfitting of GD and
underfitting of SGD both stem from a combination of two conditions: lack of algorithmic stability,
and failure of uniform convergence; as it turns out, this combination allows for the output models to
exhibit a large generalization gap, defined as the difference in absolute value between the empirical

1. Here we refer to GD as performing T = n iterations with stepsize n = ©(1/+/n), where n denotes the size of the
training set, but our results hold more generally; see below for a more detailed discussion of the various regimes.
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and population risks. Our work presents a construction technique for such generalization gap
lower bounds that achieves small polynomial dimension dependence, providing for an exponential
improvement over previous works.

1.1. Our contributions

In some more detail, our main contributions are as follows:

(i) We present a construction of a learning problem in dimension d = O (nT + n? + *T?) where
running GD for 7T iterations with step n over a training set of » i.i.d.-sampled examples leads,
with constant probability, to a solution with population error Q(nVT + 1/5T).2 In particular,
for the canonical configuration of 7 = n and n = ©(1/+/n), the lower bound becomes (1) and
demonstrates that GD suffers from catastrophic overfitting already in dimension d = O (n?).
Put differently, this translates to an Q(Vd) lower bound the number of training examples
required for GD to reach nontrivial test error. See Theorem 1 below for a formal statement
and further implications of this result.

(ii) Furthermore, we give a construction of dimension d = 0 (n?) where the empirical error of
one-pass SGD trained over T’ = n training examples is Q(7+/n+1/nn). Assuming the standard
setting of 7 = @(1/+/n), chosen for optimal test performance, the empirical error lower
bound becomes (1), showing that the “benign underfitting” phenomena of one-pass SGD
is exhibited already in dimension polynomial in the number of training samples. Rephrasing
this lower bound in terms of the number of training examples required to reach nontrivial
empirical risk, we again obtain an ﬁ(\/ﬁ) sample complexity lower bound. See Theorem 2
for the formal statement and further implications.

Both of the results above are tight (up to logarithmic factors) in view of existing matching upper
bounds of Bassily et al. (2020). We remark that the constructions leading to the results feature
differentiable Lipschitz and convex loss functions, whereas the lower bounds in previous works
concerned with gradient methods (Amir et al., 2021b,a; Koren et al., 2022) crucially applied only to
the class of non-differentiable loss functions. From the perspective of general non-smooth convex
optimization, this implies that our lower bounds remain valid under any choice of a subgradient
oracle of the loss function (as opposed to only claiming that there exists a subgradient oracle under
which they apply, like prior results do).

1.2. Main ideas and techniques

Our work builds primarily on two basic ideas. The first is due to Feldman (2016), whereby an expo-
nential number (in n) of approximately orthogonal directions, that represent the potential candidates
for a “bad ERM,” are embedded in a ®(n)-dimensional space. The second idea, underlying Bassily
et al. (2020); Amir et al. (2021b,a); Koren et al. (2022), is to augment the loss function with a highly
non-smooth component, that is capable of generating large (sub-)gradients around initialization di-
rected at all candidate directions, that could steer GD towards a bad ERM that overfits the training
set.

2. By population error (or test error) we mean the population excess risk, namely the gap in population risk between the
returned solution and the optimal solution.
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The major challenge is in making these two components play in tandem: since the candidate
directions of Feldman (2016) are only nearly orthogonal, the progress of GD towards one specific
direction gets hampered by its movement in other, irrelevant directions. And indeed, previous
work in this context fell short of resolving this incompatibility and instead, opted for a simpler
construction with a perfectly-orthogonal set of candidate directions, that was used in the earlier work
of Shalev-Shwartz et al. (2010). Unfortunately though, this latter construction requires the ambient
dimensionality to be exponential in the number of samples n, which is precisely what we aim to
avoid.

Our solution for overcoming this obstacle, which we describe in length in Section 3, is based on
several new ideas. Firstly, we employ multiple copies of the original construction of Feldman (2016)
in orthogonal subspaces, in a way that it suffices for GD to make a single step within each copy so as
to reach, across all copies, a bad ERM solution; this serves to circumvent the “collisions” between
consecutive GD steps alluded to above. Secondly, we carefully design a convex loss term that, when
augmented to the loss function, forces successive gradient steps to be taken in a round-robin fashion
between the different copies, so that each subspace indeed sees a single update step through the GD
execution. Lastly, we introduce a novel technique that memorizes the full training set by “encoding”
it into the iterates in a convex and differentiable manner, so that the GD iterate itself (to which the
subgradient oracle has access) contains the information required to “decode” the right movement
direction towards a bad ERM. We further show how all of these added loss components can be
made differentiable, so as to allow for a differentiable construction overall. A detailed overview of
these construction techniques and a virtually complete description of our construction are provided
in Section 3.

1.3. Additional related work

Learnability and generalization in the SCO framework. Our work belongs to the body of
literature on stability and generalization in modern statistical learning theory, pioneered by Shalev-
Shwartz et al. (2010) and the earlier foundational work of Bousquet and Elisseeff (2002). In this line
of research, Hardt et al. (2016); Bassily et al. (2020) study algorithmic stability of SGD and GD in
the smooth and non-smooth (convex) cases, respectively. In the general non-smooth case which we
study here, Bassily et al. (2020) gave an iteration complexity upper bound of O (VT + 1/nT + nT /n)
test error for T iterations with step size 1 over a training set of size n. The more recent work of
Amir et al. (2021b) showed this to be tight up to log-factors in the dimension independent regime,
and Amir et al. (2021a) further extends this result to any optimization algorithm making use of only
batch gradients (i.e., gradients of the empirical risk).

Even more recently, Kale et al. (2021) consider a variation on the SCO model where individual
losses may be non-convex (yet the expected loss is still convex). In this model, they prove that
regularized ERMs may fail to learn (as opposed to plain ERMs, studied in Shalev-Shwartz et al.
(2010); Feldman (2016)), and also present a sample complexity separation result between SGD and
GD. As commented in their Section 3, the result relating to regularized ERMs can be extended to
hold with d = ®(n), by a direct application of the technique of Feldman (2016). Importantly, this is
not the case for their sample complexity result for gradient methods, which inherits the exponential
dimension requirement from Amir et al. (2021b) which they build upon.

Sample complexity of ERMs. With relation to the sample complexity of an (arbitrary) ERM in
SCO, Feldman (2016) showed that reaching e-test error requires Q(d/e + 1/€?) training samples,
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but did not establish optimality of this bound. In a recent work, Carmon et al. (2023) show this to be
nearly tight and presents a O(d/e+1/€e?) upper bound for any ERM, improving over the O (d/&?)
upper bound that can be derived from standard covering number arguments. Another recent work
related to ours is that of Magen and Shamir (2023), who provided another example for a setting in
which learnability can be achieved without uniform convergence, showing that uniform convergence
may not hold in the class of vector-valued linear (multi-class) predictors. However, the dimension
of their problem instance was exponential in the number of training examples.

Implicit regularization and benign overfitting. Another relevant body of research focuses on
understanding the effective generalization of over-parameterized models trained to achieve zero
training error through gradient methods (see e.g., Bartlett et al., 2020, 2021; Belkin, 2021). This
phenomenon appears to challenge conventional statistical wisdom, which emphasizes the importance
of balancing data fit and model complexity, and motivated the study of implicit regularization (or
bias) as a notion for explaining generalization in the over-parameterized regimes. Our findings in
this paper could be viewed as an indication that, at least in SCO, generalization does not stem from
some form of an implicit bias or regularization; see Amir et al. (2021b); Koren et al. (2022) for a
more detailed discussion.

Follow-up work. Inspired by our techniques, Livni (2024) recently provided an £~2(d) lower bound
on the sample complexity of GD (in the same canonical setup we consider), which improves upon
the EZ(\/E) that follows from Theorem 1. We remark however that their construction does not seem
to extend to a (generalization gap) lower bound construction for SGD.

2. Problem setup and main results

We consider the standard setting of Stochastic Convex Optimization (SCO). The problem is char-
acterized by a population distribution 9 over an instance set Z, and loss function f : W X Z — R
defined over convex domain W C R in d-dimensional Euclidean space. We assume that, for any
fixed instance z € Z, the function f(w,z) is both convex and L-Lipschitz with respect to its first
argument w. In this setting, the learner is interested in minimizing the population loss (or risk)
which corresponds to the expected value of the loss function over O, defined as

F(w) =Ezp[f(w,2)], (population risk/loss)

namely, finding a model w € W that achieves an g-optimal population loss, namely such that
F(w) < F(w,) + &, where w, € argmin,, .y F(w) is a population minimizer.

To find such a model w, the learner uses a set of n training examples S = {z1,...,2,}, drawn
i.i.d. from the unknown distribution 9. Given the sample S, the corresponding empirical loss (or
risk), denoted F (w), is defined as the average loss over samples in S:

~ 1 &
F(w) = o Z fw,z). (empirical risk/loss)
i=1

We let w, € arg min,, cw F (w) denote a minimizer of the empirical risk, refered to as an empirical
risk minimizer (ERM). Moreover, for every w € W, we define the generalization gap at w as the
absolute value of the difference between the population loss and the empirical loss, i.e., |F(w) —
F(w)].
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Optimization algorithms. First-order algorithms make use of a (deterministic) subgradient oracle
that takes as input a pair (w, z) and returns a subgradient g(w, z) € 9, f(w, z) of the convex loss
function f(w, z) with respect to w. If |0, f(w, z)| = 1, the loss f (-, z) is differentiable at w and the
subgradient oracle simply returns the gradient at w; otherwise, the subgradient oracle is allowed to
emit any subgradient in the subdifferential set d,, f (w, z).

First, we consider standard gradient descent (GD) with a fixed step size 7 > 0 applied to the
empirical risk F. We allow for a potentially projected, m-suffix averaged version of the algorithm
that takes the following form: Given an initialization w; € W,

n
update weel = Hw wt—ZZg(w,,zi)‘, V1<t<T;
i=1

ey

1 m
return WTom = — Z WT—i+l-
Mg

Here Iy : RY — W denotes the Euclidean projection onto the set W; when W is the entire space
R4, this becomes simply unprojected GD. The algorithm returns either the final iterate, the average
of the iterates, or more generally, any m-suffix average (1 < m < T) of iterates.

The second method that we analyze is Stochastic Gradient Descent (SGD), which is again
potentially projected and/or suffix averaged. This method uses a fixed stepsize 7 > 0 and takes the
following form: : Given an initialization w; € W,

update wee = Hw [wt - ng(wt,zt)], V1<t<T;
1 « (2)
return WT m = E Zl WT—i+]-
i=

Main results. Our main contributions in the context of SCO are tight lower bounds for the
population loss of GD and for the empirical loss of SGD, where the problem dimension is polynomial
in the number of samples n and steps 7. First, for the population risk performance of GD, we prove
the following:

Theorem 1 Fixn > 0, T > 32002 and 0 < n < 1/(5VT) and let d = 178nT +2n*+max{1, 257°T2}.
There exists a distribution D over instance set Z and a convex, differentiable and 1-Lipschitz loss
function f : R4 X Z — R such that for GD (either projected or unprojected; cf. Eq. (1) with W = B¢
or W = R4 respectively) initialized at w = 0 with step size n, for all m = 1,...,T, the m-suffix
averaged iterate has, with probability at least é over the choice of the training sample,

Fwr.m) —F(w,) =Q (min {77\/7+ 1/nT, 1}) . 3)
For SGD, we prove the following theorem concerning its empirical risk and generalization gap:

Theorem 2 Fix n > 2048 and 0 < n < 1/(5+/n) and let d = 712nlogn + 2n* + max{1, 25n°n?}.
There exists a distribution D over instance set Z and a convex, 1-Lipschitz and differentiable loss
function f : RY x Z — R such that for one-pass SGD (either projected or unprojected; cf. Eq. (2)
with W = B? or W = R? respectively) over T = n steps initialized at wi = 0 with step size , for
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allm=1,...,T, the m-suffix averaged iterate has, with probability at least % over the choice of the
training sample,

Fwrm) - F(#.) =Q (min (VT + 1T, 1}) : 4)

and — |F(wrm) = Fwrm)| = Q (min {nVT + 1T, 1}) . (5)

Discussion. As noted in the introduction, both of the bounds above are tight up to logarithmic
factors in view of matching upper bounds due to Bassily et al. (2020). For GD tuned for optimal
convergence on the empirical risk, where T = n and n = ©(1/+/n), Theorem 1 gives an Q(1)
lower bound for the population error, which precludes any sample complexity upper bound for
this algorithm of the form O(dP/e?) unless p > % In particular, this implies an Q(Vd) lower
bound the number of training examples required for GD to reach a nontrivial population risk. In
contrast, lower bounds in previous work (Amir et al., 2021b) only implies an exponentially weaker
Q(log d) dimension dependence in the sample complexity. We note however that there is still a small
polynomial gap between our sample complexity lower bounds to the known (nearly tight) bounds
for generic ERMs (Feldman, 2016; Carmon et al., 2023); we leave narrowing this gap as an open
problem for future investigation.

More generally, with GD fixed to perform T = n®, @ > 0 steps, and setting 77 so as to optimize
the lower bound, the right-hand side in Eq. (3) becomes ®(n~®/*), which rules out any sample
complexity upper bound of the form O(dP /e?) unless it satisfies max{2,a + 1}p + ;lla/q > 1.3
Specifically, we see that any dimension-free upper bound with 7 = n must have at least an 1/¢*
dependence on €; and that for matching the statistically optimal sample complexity rate of 1/€, one
must either run GD for T = n? steps or suffer a polynomial dimension dependence in the rate (e.g.,
for T = n this dependence is at least d'/*).

Similar lower bounds (up to a logarithmic factor) are obtained for SGD through Theorem 2,
but for the empirical risk of the algorithm when tuned for optimal performance on the population
risk with 7 = n. In this case, the bounds provide an exponential improvement in the dimension
dependence over the recent results of Koren et al. (2022), showing that the “benign underfitting”
phenomena they revealed for one-pass SGD is exhibited already in dimension polynomial in the
number of training samples.

Finally, we remark that our restriction on 7 is only meant for placing focus on the more common
and interesting range of stepsizes in the context of stochastic optimization. It is not hard to extend
the result of Theorems 1 and 2 to larger values of 7 (in this case the lower bounds are Q(1), the same
rate the theorems give for = ©(1/VT)), in the same way this is done in previous work (e.g., Amir
et al., 2021b; Koren et al., 2022).

3. Overview of constructions and proof ideas

In this section we outline the principal ideas leading to our main results and give an overview
of the lower bound constructions; due to space constraints, all formal proofs are deferred to the
supplementary material. As discussed above, the main technical contribution of this paper is in

3. To see this, let r = max{2, @ + 1} and note that for our construction d = O (nT +n%) = O(n") and € = Q(n_“/“); the
sample complexity upper bound O (dP /€?) can be therefore rewritten in terms of n as O (n"P*@4/4), and since this
should asymptotically upper bound the number of samples n, one must have that 7p + %aq > 1.
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establishing the first Q(7VT) term in Eqs. (3) and (4) using a loss function in dimension polynomial
in n and 7, and this is also the focus of our presentation in this section. In Sections 3.1 to 3.4 we
focus on GD and describe the main ingredients and technical steps towards proving our first main
result Theorem 1. The additional steps and adjustments needed to obtain our second main result
concerning SGD (Theorem 2) are then discussed in Section 3.6.

Starting with GD and Theorem 1, recall that our goal is to establish a learning scenario where
GD is likely to converge to a “bad ERM”, namely a minimizer of the empirical risk whose population
loss is large. We will do that in four steps: we will first establish that such a “bad ERM” actually
exists; then, we will show how to make such a solution reachable by gradient steps from the origin;
we next describe how the information required to identify this solution can be “memorized” by
GD into its iterates; and finally, we show how to combine these components and actually drive GD
towards a bad ERM.

3.1. A preliminary: existence of bad ERMs

Our starting point is the work of Feldman (2016) that demonstrated that in SCO, an empirical risk
minimizer might fail to generalize, already in dimension linear in the number of training samples.
Their approach was based on a construction of a set of unit vectors U ¢ R? (for d’ = ©(n)) of
size 29200 that are “nearly orthogonal”: the dot product between any two distinct u, v € U satisfies
|[{u,v)| < z.* Then, they take the power set Z = P(U) of U as the sample space (namely, identifying
samples w1th subsets of U), the distribution D to be uniform over Z, and the (convex, Lipschitz)
loss hgie : R4 x Z — R to be defined as follows:

hr16(w, V) = max {é, max(u w)} (6)
For this problem 1nstance they show that with constant probability over the training set sample

={Vi,...,Va} % Z)" there exists ug € U \ (Ji_, V; that is in fact an Q(1)-bad ERM (for which
the generahzatlon gap is ©(1)). To see why this is the case, note that, since every vector u € U is
in every training example V; with probability % the set U (whose size is exponential in n) is large
enough to guarantee the existence of a vector ug ¢ J;, V; with constant probability. Consequently,
the empirical loss of such ug equals ; (since (ug,v) < l l for any v € V;). However, for a fresh
example V ~ D, with probability it holds that ug € V in Wthh case hgie(ug, V) = 1, and thus the
population risk of ug is at least = 12 1+ 2 5 = %.

3.2. Ensuring that bad ERMs are reachable by GD

As Feldman (2016) explain in their work, although there exists an ERM with a large generalization
gap, it is not guaranteed that such a minimizer is at all reachable by gradient methods. This is
because in their construction, the loss function Api¢ remains flat (and equals %, see Eq. (6)) inside
a ball of radius (1) around the origin (where GD is initialized); hence it remains unclear how to
steer GD with stepsize of order = O(1/VT) away from this flat region. To address this challenge,
we increase dimensionality and replicate Feldman’s construction in 7 orthogonal subspaces; which
allows us to decrease, in each of the subspaces, the distance required to travel towards a bad ERM
to only O(n). Then, while each of these subspace ERMs is only Q(7)-bad, when taken together

4. The original construction Feldman (2016) satisfied slightly different conditions, which we adjust here for our analysis.
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they constitute an Q(1)-bad ERM in the lifted space. Concretely, we introduce a loss function
h:RY x P(U) — R that resembles Feldman’s function from Eq. (6) up to a minor adjustment:

h(w’,V) = max {%n, rjlga‘)/qu, w)}. @)

As in the original construction by Feldman, V here ranges over subsets of a set U C R% of
size 220" the elements of which are nearly-orthogonal unit vectors. Then, we construct a loss
function in dimension d = Td’ by applying & in T orthogonal subspaces of dimension d’, denoted
wh o w T as follows:$

O (w,V) = (h(w®, V))? . (8)

M~

>~
l

2

Here and throughout, w'¥) refers to the k’th orthogonal component of the vector w, that resides in
the subspace W'¥). Finally, the distribution 9 is again taken to be uniform over Z = P(U), and a
training set is formed by sampling S = {V, ..., V,} ~ D". Asbefore, we know that with probability
at least %, there exists a vector ug such that uy € U \ U?:l V;. In addition (and unlike before), it
can be shown that any vector w satisfying w*) = cnuq for a sufficiently large constant ¢ > 0 and
Q(T)-many components k, is an Q(1)-bad ERM with respect to £;. Further, the important point is
that such bad ERMs are potentially reachable by GD.

3.3. Memorizing the dataset in the iterate

There is one notable obstacle to the plan we just described: the vector ug is determined by the full
description of the training set, and it is unclear how to find such a vector through subgradients of
the empirical loss, which is the only input GD has that carries information about the training set.
To cope with this difficulty, we augment the domain W with an “encoding subspace” denoted W (©)
which is orthogonal to W1, ..., W(T) and employ a mechanism that effectively memorizes the full
training set in the iterates w;®) in a manner that can be decoded by the subgradient oracle.

We take W(? to be of dimension 2n%, and augment samples with a number j € [1n?], drawn
uniformly at random; namely, each sample in the training set is now a pair (V;, j;) € P(U) x [n?],
fori=1,...,n. Wethenlet ¢ : P(U) x [n*] — W denote an encoding function such that ¢(V, )
maps the set V into the j’th (2-dimensional) subspace of the encoding space W(?). The role of j is
to ensure that with constant probability, different training examples are mapped to distinct subspaces
of W(® . The encoding is then implemented within the optimization process through the following
loss term:

G, (V.))) = (=¢(V, ), w®). ©)
Now, following the first step of GD, we have w,(?) = % * 1 ¢(Vi, ji), and with constant probability
each vector ¢(V;, j;) is non-zero in distinct components of w,?). Proceeding, we represent every
potential training set using a vector y € ¥ C [EBZ”Z, and define a mapping « : R2" — U such that
for all € W, a(y) is some vector in U that is not contained in the training set represented by ¢ (if
such a vector exists). The desired gradient step is then induced by the additional loss term:

£3(w) = max {61,% {w.w®) —ﬁ<a<w),w<”>}} , (10)

5. The summation starts at kK = 2 due to technical reasons that will become apparent later in this proof sketch.
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where 3,0, > 0 are small predefined constants. For suitable choices of ¢ and « it can be shown
Y™ € W that represents the actual training set V1, . . ., V,, is realized as a unique maximizer in Eq. (10),
which in turn triggers a gradient step along uo = (") in the subspace W!). We note that while
there exist rather straightforward approaches to construct ¢, @, the challenge lies in designing such
functions so that ug is realized as the unique subgradient (i.e., the gradient) of the loss function.
Such a mechanism, established formally in Theorem 4, will serve to show that our lower bound is
valid for any subgradient oracle (and not only for an adversarially chosen one), as well as for making
the construction differentiable; we discuss this later on, in Section 3.5.

3.4. Making GD converge to a bad ERM

Our final task is to make GD converge to a “bad ERM” w € R< such that w'*) = cnug for a
sufficiently large constant ¢ > 0 and Q(7')-many values of k (assuming wo(D = ciup as we detailed
in the previous section). To this end, we employ a variation of a technique used in previous lower
bound constructions (Bassily et al., 2020; Amir et al., 2021b; Koren et al., 2022) to induce gradient
instability around the origin. Notably, in these prior instances, the potential directions of progress—
analogous to vectors in our set U—were perfectly orthogonal (and thus, the dimension of space was
required to be exponential in n). By contrast, in our scenario the vectors in U are only approximately
orthogonal, and directly applying previous approaches could lead to situations where gradient steps
from consecutive iterations may interfere with progress made in correlated directions in previous
iterations. Accordingly, our approach differs from previous works and incorporates a chain-like
gradient step sequence, induced by the following additional loss term:

_ 3 (k)y _ 1 (k+1)
£4(w) = max {62,u€Ur’nlagxk<T{8(u,w ) = 5{u,w )}} 11

where 6, > 0 is a small constant. The key idea here is that following the initialization stage, the
inner maximization above is always attained at the same vector u = ug, and for values of k that
increase by 1 in every iteration of GD. Consequently, subgradient steps with respect to this term will
result in making a step towards uq in each of the components w(!),w(?) .. one by one, avoiding
interference between consecutive steps. At the end of this process, there are Q(7T') values of k such
that w(k) = %77”0, which is what we set to achieve.

In some more detail, assuming GD successfully reaches a vector wy = w with w = crug
and w®) = 0 for k > 1 (¢; > 0 is a small constant), we have that the maximum in Eq. (11) is
uniquely attained at k = 1 and u = ug. Consequently, the subgradient of ¢4 is a vector g such that
g(l) = %uo, g(z) = —%uo (and g(k) =0 for k # 1,2), and taking a subgradient step with stepsize n
results in w(!) = (nB - 3?77)140 and w® = %uo (for k # 1,2, w®) remains as is). In each subsequent
iteration, the maximization in Eq. (11) is attained at an index k for which wk) = guo and at
u = ug °. Subsequently, every gradient step adds —%uo to wk) and guo to wk*1) and results in
w@ =B = =k = Fug and wk+l) = Zuo (whereas for all s > k + 1, w() remains zero).

Finally, we note that the GD dynamics we described ensure that the iterates wy, ..., wy remain
strictly within the unit ball B¢, even when the algorithm does not employ any projections. As
a consequence, the construction we described applies equally to a projected version of GD, with
projections to the unit ball, and the resulting lower bound will apply to both versions of the algorithm.

6. This follows from direct computation and considering the near-orthogonality of vectors in U.

10
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3.5. Putting things together

We can now integrate the ideas described in Sections 3.1 to 3.4 into a construction of a learning
problem where GD overfits the training data (with constant probability), that would serve to prove
our lower bound. To summarize this construction:

* The examples in the learning problem are parameterized by pairs (V, j) € Z := P(U) x [n?],
where U is the set of nearly-orthogonal vectors described in Section 3.1, and P(U) is its power
set;

* The population distribution D is uniform over pairs (V, j) € Z, namely V ~ Unif(P(U)) (i.e., V is
formed by including every element u € U independently with probability %) and j ~ Unif([n?]);

» The loss function in this construction, f : W x (P(U) x [n*]) — R, is then given by:
vV.pez,  fw,(V,)))=bw,V)+&(w, (V,)))+Gw) +l(w), (12)
with the terms ¢, 5, €3, {4 as defined in Egs. (8) to (11) respectively.

With a suitable choice of parameters, this construction serves to prove Theorem 1. We remark that,
while f in this construction is convex and O(1)-Lipschitz, it is evidently non-differentiable. For
obtaining a construction with a differentiable objective that maintains the same lower bound and
establishes the Theorem 1 fully, we add one final step of randomized smoothing of the objective.
This argument hinges on the fact that the subgradients of f are unique along any possible trajectory
of GD, so that smoothing in a sufficiently small neighborhood would preserve gradients along any
such trajectory (and thus does not affect the the dynamics of GD), while making the objective
differentiable everywhere. The full proof of Theorem 1 is given in Appendix A.

3.6. Adapting the construction for SGD

Moving on to discuss our second main result for SGD, we provide here a brief overview of the
necessary modifications upon the construction for GD to establish the lower bound for SGD in
Theorem 2; further details can be found in Appendix B. In the case of SGD, our goal is to establish
underfitting: namely, to show that the algorithm may converge to a solution with an excessively large
empirical risk despite successfully converging on the population risk.

The main ideas leading to our construction for SGD are similar to what we discussed above,
but there are several necessary modifications that arise from the fact that, whereas in GD the entire
training set is revealed already in the first iteration, in SGD it is revealed sequentially, one training
sample at a time. In particular, unlike in the case of GD where it is possible to identify a bad ERM
ug after the first step of the algorithm and steer the algorithm in this direction in every subspace
W W@ . for SGD the required progress direction in W), represented as a “bad solution” u;,
can be only determined in the #’th step based on the encoded training set up to that point, V1, ..., V;_1.
As aresult, it is crucial to modify the loss function such that the process of decoding such u; from
Vi, ..., Vi_1 occurs in every iteration f.

Another essential adjustment involves identifying a solution with a large generalization gap
(namely large empirical risk, low population risk) and guiding the SGD iterates to converge to
such a solution. Considering the function ¢; defined in Eq. (8), such a solution is represented by
a vector u € U that appears in all of the sets Vi, ..., V, in the training sample. However, since u,

11
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cannot depend on future examples, our goal within every subspace W) is to take a single gradient
step towards a vector u, present only in sets up to that point, namely in ﬂ;ll Vi (note that such
u; maximizes the corresponding loss functions ¢ (w, Vi) ... € (w,V;_1)). Additionally, to ensure
that gradients for future loss functions remain zero and do not affect the algorithm’s dynamics,
it is necessary to guarantee that u, € (., V,; in other words, we are looking for a solution
u; € ﬂ;;ll Vin L, V;. For ensuring that such a vector actually exists (with constant probability),
we lift the dimension of the set U and the subspaces {W (%) }eey to d” = O(nlogn) (instead of ©(n)
as before) and modify the distribution 9 so as to have that V is sampled such that every element
u € U is included in V independently with probability 1/4n?.

With these adaptations in place, we can obtain Theorem 2; we include the full technical details
in Appendix B.
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Appendix A. Overfitting of GD: Proof of Theorem 1

In this section, we provide a formal proof of our main result for GD. We first establish a lower bound
of Q(nVT) for the population loss of GD given a non-differentiable loss (Theorem 5). The proof
of Theorem 1 given at the end of this section then extends the result to a differentiable loss and
combines it with a standard optimization lower bound. Unless stated otherwise, proofs for lemmas
below are deferred to Appendix A.4.

For the first step, for a dimension 4’ that will be set later, we use a set of approximately orthogonal
vectors in R?" with size (at least) exponential in d’, the existence of which is given by the following
lemma, adapted from Feldman (2016).

Lemma 3 For any d’ > 256, there exists a set Uy C R, with |Ugr| = 2478 such that all
u € Uy are of unit length ||u|| = 1, and for all u,v € Uy, u # v, it holds that |{u,v)| < %.

Now, let n be the number of examples in the training set. We define the set U := Uy to be a
set as specified by Theorem 3 for d’ = 178n. Then, as outlined in Section 3, we define the sample
space Z == {(V, ) : V C U, j € [n*]} and the distribution O as the uniform distribution. Our next
lemma asserts the existence of suitable encoding (¢) and selection («) functions.

Lemmad4 Letn,d > 1 and a set U C BY. Let P(U) be the power set of U. Then, there exist a set
¥ C R2, g number 0 < € < % and two mappings ¢ : P(U) x [n?] — R2” o : R — U such
that,

(i) Forevery j € [n*] andV C U, it holds ||¢ (V, j) || < 1;
(ii) Foreveryy € ¥, it holds ||¢|| < 1;

(iii) Let Vy,...,V, be arbitrary subsets of U. If ji,..., j, hold that j; # jx fori # k, y* =
maxyew (¥, 5 iy #(Vi, ji)) is that,

(v Zl] S i) > o

o Foreveryy e W,y # y*:

n

. 1 . 1 ¢ .
1= 1=
o If U, Vi # U, then it holds that:

n n
a/(tﬁ*)=vl-*€U\UVi, fori*zmin{i:v,—EU\UVi}.
i=1 i=1
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We are now ready to state our main theorem for this section, providing the principal lower bound
guarantees.

Theorem 5 Assume that n > 0, T > 3200% and n < \/LT Consider the distribution D and the

loss function f defined in Section 3.5 instantiated with P, ¢, & from Theorem 4, d = 178nT + 2n?,
€= %(1 - COS(W)), B=1=01= % and 8y = 31%‘[?. Then f is convex and 5-Lipschitz, and
for Unprojected GD (cf. Eq. (1) with W = R?) on F, initialized at w, = 0 with step size 1, we have,
with probability at least % over the choice of the training sample:

(i) The iterates of GD remain within the unit ball, namely w, € B¢ forallt =1,...,T;
(ii) Forallm =1,...,T, the m-suffix averaged iterate has:

F(wr.m) — F(w,) = QnVT).

The lemmas given next will constitute the proof of Theorem 5. Before presenting them, for
convenience, we repeat the loss function definition along with the constants specified in our theorem
above:

T

fw, V)= Z (max {%n,glea‘)/((u, w("))})2 ()
k=2
+(=p(V, /), w®) (&)
+ max {61,max{(tﬁ,w(0)) —ﬁ(a(tﬁ),w(l))}} (3)
ye¥
+ max {62, ueUn’nlasxkd {%(u, W(k)> - %(u, W(k+1)>}} , (€4)
where,
d = 178nT + 2n?,
1 T
E = ;(1 - COS(W)),
€
,3 = m,
-
o1 = 2n’
o
0 = 6"

Lemma 6 For every (V,j) € Z, the loss function f(w,(V,J)) as defined by Theorem 5 is convex
and 5-Lipschitz over R? with respect to its first argument.

Next, we formulate the “good event” — conditioned on this event the optimization dynamics of GD
will lead to a bad ERM:

E = {U:;ViiU}ﬂ{jkijl, Vkil}. (13)

In words, under the event & there exists at least one “bad direction” (which is a vector in the set
U\ UL, V;) and there is no collision between the indices ji, ..., j,. In the following lemma we
show that & holds with constant probability.

15
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Lemma 7 For the event & defined in Eq. (13), it holds that Pr(&E) > %.

The next lemma is the key component in the proof of Theorem 5, and characterizes the trajectory of
GD when applied to the empirical risk F, conditioned on the good event. The proof is provided in
Appendix A.1.

Lemma 8 Assume the conditions of Theorem 5, and consider the iterates of unprojected GD on F,
with step size n < 1/NT initialized at wi = 0. Under the event &, we have for all t > 5 that

Ly ¢(Vij) k=0
(3+ P k=1

we® =1 L 2<k<t-3; (14)
0 t-1<k<T,

where ug is a vector such that uy € U \ U, V;. Furthermore, ||w;|| <1 forallt € [T].

Now we can turn to prove Theorem 5. Here we prove the lower bound for the case of suffix
averaging with m = 1, namely, when the output solution is the final iterate wr of GD; the full proof
for the more general case can be found in Appendix A.3.

Proof [of Theorem 5 (m = 1 case)] We prove the theorem under the condition that & occurs, which
happens w.p. > % by Theorem 7. First, note that f is convex and 5-Lipschitz by Theorem 6, and that
(i) is implied immediately by the fact that ||w,|| < 1, as assured by Theorem 8.

Next, consider wr that takes the form stated in Eq. (14) given by Theorem 8. Note that if a
vector v € U is in a set V C U, it holds that max,cy{u,v) = 1. However, if v ¢ V, it holds that
max,ey{u,v) = % As a result, by the fact that every vector for a fresh pair (V, j) ~ D, up € U isin
V with probability %, the following holds:

T 3 2 T-3 3 2
- (k) > ! (k)
Ey Zmax{32,rl?ea‘)/((u,wT )} > Ey max{32,21€a‘)/((u,wT )}

k=2 k=2

2
3
= [Ev\/(T — 4) max {_’I’ max{u, Quo)}
ueV

32 8
_nNT -4
8
_ VT -4
N 8

n
= N1 4.
64

3
Ey max {Z, glea&qu, u0>}

(% PI'(MO ¢ V) + Pr(uo € V))

Moreover, again by Theorem 8, we notice that for every ¢, V C U and j € [n?],
G (V,)) 2 =lwi 1l = =n,650w0) 2 61 and Ly(w,) > 6,

thus, it holds that:

7
Flwr) > 6—ZVT—4+61+62—77;

16



DIMENSION STRIKES BACK wITH GRADIENTS

3
F(w.) < F(0) < 3—Zﬁ+ 5146247,

Then, since T > 100 by assumption, we have _ONT_ < 9/10, thus:

IS
377 777\/
F(wr) - F(W)Z6—4V - \/_ 640

which completes the proof. |

The remaining elements for Theorem 1 are establishing Theorem 5 for a differentiable loss
function, and merging the result with a standard optimization lower bound of Q (min (#, 1)) given

in Theorem 38 in Appendix D.
Proof [of Theorem 1] Let 8, €, 61, 02, and f, D be those specified in Theorem 5, and define

f(W, (Vv ])) = [Ev~Unif([Bd) [f(W +0v, (V’ ]))] > (15)
where
= 1B
6= 2. (16)

Further, denote the empirical loss and the population loss with respect to the loss function f as
F(w) = % :’:1 Ff(w, (V;, ji)) and F(w) = [E(V,j)NDf(w, (V, j)), respectively. We have that this
loss function is convex and Lipschitz, and that the GD iterates identify with those of the original,
non-smoothed loss.

Lemma 9 For every (V, ) € Z, the loss function f is differentiable, convex and 1-Lipschitz with
respect to its first argument and over RY.

Lemma 10 Let w,, W, be the iterates of Unprojected GD with step size n < \# and wy =0, on F
and F respectively. Then, if & occurs, for every t € [T], it holds that w, = W;.

Now let wr_,, be the m-suffix average of GD when is applied on F. Letw, = argmin , F(w). By
Theorem 10, we know that, with probability of at least é, & occurs and wr_,, = Wr_,. Then, by
Theorem 5 and the fact that || f — flleo < 56 (see Theorem 35),

\/_ F(WT m) F(W*)
= F(WT,m) - F(W_*)
< F(wr,m) +56 — F(wy) +56
< F(wr.m) +56 — F(w,) +56,

3200

hence,
10ne
F - F > ——VNT -
wrom) = Fw.) 2 3200\/_ 12872
n n

> \T- L
~ 3200 1072
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n
> >
2 2100 vT (T = 30)

= C]T]‘/T.

Further, by Theorem 38, we know that for Unprojected GD and d; = rnax(25772T2, 1), there exist a
constant C, and a deterministic loss function fOFT : R% — R such that

FOPT (W m) — FOPT(w,) > Co min (1, L) )
nT

Now, let C = %min (C1,Cy). Ifn > T‘%, then, 77‘/? > min(1, ULT), and we get,

N N 1 1
Fwrm) —F(w,) =2C (17\/?+min (1, —)) >C (min (1,nﬁ+ —)) .
' nT nT
Otherwise, we get that,

PO () = PO () = € (nﬁ + min (1, i)) > C (min (1,nﬁ+ i)) .
nT nT

Since in both cases, by Theorems 8 and 38, w, € B for every ¢ € [T], the theorem is applicable
also for Projected GD. Finally, we scale the loss by 1/5, and note that the iterates of GD with step
size 7 on F behave identically to those with step size %77 on the scaled version. This completes the
proof. |

A.1. GD Dynamics: Proof of Theorem 8

To prove Theorem 8, we break down to the different components of the loss and analyze how the
terms ¢, {3 and {4 affects the dynamics of GD under the event &. For each of these components,
which involve maximum over linear functions, we show which term achieves the maximum value for
each w, and derive the expressions for the gradients at those points by the maximizing terms. First,
we show that under this event, the gradients of £; do not affect the dynamics since in any iteration ¢
the gradient of ¢ is zero, as stated in the following lemma.

Lemma 11 Assume the conditions of Theorem 5 and the event E. Let 0 < ¢ < L and let w € R9
be such that for every 2 < k < T, w® = cnug, where ug € U \ UL, Vi. Then, for everyi € [n], it
holds that

(i) for every k > 2, it holds max, ey, (w®, u) < 1—'76;

(ii) €1(-,V;) is differentiable at w and V{1 (w,V;) = 0.
Proof For the first part, we know that, for every 2 < k < T, w'*) = cnug, where ¢ < % In addition,

by the facts that ug € U \ U, V; and that for every u # v € U, it holds that (u,v) < % (see
Theorem 3), we get for every i, max,ev, (4o, u) < %, thus, for every i and k > 2,

1
(k)y — <-—.p<L
max(u, w) = max(u, cruo) < g - on < e
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For the second part, for every sub-gradient g(w,V;) € d¢,(w,V;), there exists a sub gradient
2
gniw,V;)eo (Z{zz max (é—g,maxuev(u, w(k))) ) such that
gn(w, Vi)

gw, Vi) = -
T 3n (k) 2
24/ X max | 3y, max,ev; (uw <))

Then, since for every k, it holds that maxueu(w(k), ug) < 1—’76 < 33—727, we have g, (w,V;) = 0, hence
Ve (w, V) =0. [ |

Next, for the term ¢3, as outlined in Section 3.3, it is used for identifying the actual training
set § = {(Vi,ji)}, given an encoding y* = % ", ¢(Vi, ji) in the iterate w;© and ensuring
a performance of gradient step in W(!) towards a corresponding vector ug € U \ UL, Vi in the
following iteration. It is done by getting ¢* as a maximum of linear functions (with positive constant
margin) over the set ¥ which contains all possible encoded datasets. This idea is formalized in the
following lemma.

Lemma 12 Assume the conditions of Theorem 5 and the event E. Let y* = % 2icy ¢(Vi, ji) and
w € R4 be such w© = ny*, and let w'V = cnqug for |c| < 1 and ug € U \ UL, Vi. Then

(i) Foreveryy €W,y # y*:
@y = g (@) w ) > 0. 9) - e w ) + 4
(ii) Fory =™, it holds that
w®,y%) = @), wh) > 51 + 1k

(iii) €3 is differentiable at w and the gradient is given by:

/s k=0;
(V)M =3 —35u k=1
0 otherwise.

Proof For the first part, by Theorem 4, the fact that for every ¢, |la(y)|| < 1, and by |[wV || < 7,
forevery ¢ € ¥, y* = 1 i1 ¢(Vi, ji) holds,

n

") = g taw) W) 2 ¢ Zl AUNON RS

1< .
> (=3 6V b -
i=1

1 n
> U(; Z ¢ Vi, ji) ) +me — % (Theorem 4)

i=1
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= (- EJWWJJ¢>+ 'f

(0) __- = (1
> 0,0) - 3 la)w )+ IS
Further (again by Theorem 4),

aggg(wwhm—zfﬂaw>wmﬁ

For the second part, by the fact that € < l and Theorem 4,

non, s N

(0) L e (1)
w9 4T2<“(‘/’)W >Z8n 4n " 2n  16n

Now, by &, for ug which is the # with the minimal index in U \ Ul’.’zl V;, we have:
n
a(y)=uge U\ | Vi
i=1

As a result, by the fact that the maximum is attained uniquely at ¢*, we derive that,

L3 0(Vinji) k=0
Vs (w) ™ = § -1 S k=1

0 otherwise.

16n

Finally, for ¢4, as detailed in Section 3.4, the role of this term is to make the last iterate w7 hold
K =1 g o for (T) many sub-spaces W) In the following lemma, we show that in every
iteration ¢, every gradient step increases the amount of such ks by 1, namely, in every iteration ¢, the
maximum of £y is attained at u = ugy and index k; = arg max{k : w,(k) # 0}, which increases by 1

in every iteration, making the wy (ke) = %nuo.

Lemma 13 Assume the conditions of Theorem 5 and the event &. Let w € RY, ug € U\ UL, Vi
and 3 < m < T be such that w') = cnuyg for —% <c<0,wh = %uofor every2 < k <m-—1,

w(m) = guo and w) = 0 for every k = m + 1. Then, it holds that,

(i) Forevery pairu € U and k < T such that k # m or u # uy,

30w ™) = Lugu w1y > 3, w®) - L w4 2

(ii)

Huo, W™y = Sug, w™Vy > 5y + &

(iii) {4 is differentiable at w and the gradient is given as follows:

%uo k =m;
(Vaw) ™ ==ty k=m+1;
0 otherwise.
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Proof We show that the maximum is attained uniquely at k = m and u = uy. We repeatedly use that
| (u,upy| < 1/8 foru € U,u # ug (see Theorem 3). For k = 1 and every u € U,

3 1 3 1 9 13
2 (my_ 2 @y ] SN/ U B
8<M’Wt ) 2<u,Wz ) 8<u,cnuo> 2<u, 8uo) < ntTs - sn

Moreover, forevery 2 < k <m —2 and every u € U,

3 1 3 1 3 7
(kyy _ L (kt)yy _ 20 1M\ noy 2, no_
w) 2<u,w ) 8( L o) — ={u, sup) < at s - Ts

For k =m — 1 and every u € U,

3 _ 1 3. n 1 7 3. n 5p
bt (m=-1)y _ _ (m)y — = i _ i <24 _ 2
8<u,w ) 2<u,w ) 8<u,8uo> 2(u,2u0>_64+32 R

For k = m and u = uyg,

1
W) = 24wy = 0, L) — 2 (o, 0) = 3.

For k = m and u # uy,

3n

—(u W('")>— S, w(’"”)>— 3. —uo>——<u 0 < 15

Foreverym+1 <k <T —1andevery u € U,
3 1,
lw) = S/, W) =0

Moreover, since T > 4,np < 1,e < 1,61 < 1%%, and

3
—<u wmy — —(u D)y = 12 > 52+6’7—4.
We derive that,
%uo k=m
Vo)™ =3-duy k=m+1
0 otherwise.

The final components required for the proof of Theorem 8 are direct computations for the initial
iterates, which are detailed in Appendix A.2. With these in place, we are now ready for the proof.
Proof [of Theorem 8] We prove the lemma by induction on ¢; the base case, for r = 5, is proved in
Theorem 17 in Appendix A.2. For the induction step, fix any ¢ > 5 and assume the that the lemma
holds for w,; we will prove the claim for w;,;.

First for £, note that, by the hypothesis of the induction, forevery 2 < k < T, w,¥) = cnuy for

< 2, thus, by Theorem 11, for every i, V& (w;,V;) =
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For £, we know that, for every i,

o (Vi Ji k =0;
(Ve (wr, (Vi ji)) ™ = Ve jo) .
0 otherwise.
For (3, using the hypothesis of the induction, which implies that w, () = cnug for |¢| < 1 and
w0 =L 3% $(V;, ji), by Theorem 12, we get that,
FEL o) k=0
k
(Ves(w) ™ = {25 u0 k=1;
0 otherwise.

For ¢4, again by the inductive hypothesis, we know that w, V) = (-3 + (tf) =5 )nuo = cnug for

—% < ¢ £ 0. Then the conditions of Theorem 13 hold for m =t — 2, thus, it holds that,

2ug k=t-2;
(k) _ 1 _ .
(Vea(w)))™ =1 -3uo k=t-1;
0 otherwise.
Combining all together, we get that,
—#uo k = 1;
3
~ (k) 2UQ k=t-2;
(VF(Wt)) = 8 1
—5U k=t-1;
0 otherwise,

where ug € U \ U, Vi, which gives the desired for w;,; = w; — nVF (w;) by direct computation.
Lastly, we have ||w,|| < 1 by Theorem 18, and the proof is complete. |

A.2. GD Dynamics: The first iterates

Lemma 14 Under the conditions of Theorem 5, if & occurs and w, is the iterate of Unprojected

GD on I?, with step size n < \/LT and wy = 0, then, fort = 2 it holds that,

1 sn g _
Wz(k) —Jn i=1 ¢(VI’J1) k 0
0 k> 0.

Proof For t = 1, w; = 0. By Theorem 11 we know that for every i, V€; (w1, V;) = 0. Moreover, by
the fact that 61, 6o > 0 the maximum in €3 and ¢4 is attained in ¢; and ¢,, respectively, thus we get
that

Vi3 (wi) =Vl (wy) =0

As a result,

Ly (Vij) k=0

= k) 1 - NG
VF(w ==Y Vb(wy, (Vi i =
(w1) ng; 2w, (Vi ji) ) = 4 therwise.
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hence,
W EZ 6V k=0
wy = .
0 otherwise.

Lemma 15 Under the conditions of Theorem 5, if & occurs and w, is the iterate of Unprojected
GD on F, with step sizen < —= and w = 0, then, for t = 3 it holds that,

VT

% ?:1 ¢(‘/la.]l) k :0
wy ) = 320 k=1

0 2<k<T,

where ug € U\ U, V.

Proof By Theorem 14, wz(l), ...,wz(T) = 0, thus, by Theorem 11, we know that for every i,
Ve (wy,V;) = 0. Moreover, by the fact that §; > 0, we get that V&4 (wy) = 0. For £3(w;), by
Theorem 12, using the fact that w>(") = 0 and w,© = 2 1 0(Vi, ji), we get that

n
L3 o(Vij) k=0
Ves(w)'™ = -1 5ug k=1
0 otherwise.

For £, (w>), for every i, the gradient is

_¢(‘/l’]l) k=0

Vr(wa, (Vi, ji)® = .
0 otherwise.

(Note that this implies in particular, % L Vi (wa, (V;, ji))(o) = —V[3(w2)<0).) Combining all
together, we conclude that, for up € U \ U}, V;, it holds that,

0 k=0
-~ k
VEw)" ={-leu, k=1
0 2<k<T,
and the result follows from w3 = wy — an(wz). |

Lemma 16 Under the conditions of Theorem 5, if & occurs and w; is the iterate Unprojected GD

on I:: with step size n < \/LT and wy = 0, then, for t = 4 it holds that,

T i (Vi i)

k

3
k
3

U0
0

where ug € U\ U7, V;.
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Proof We start with ¢y, {5, 3. For {1, by Theorem 15, for every 2 < k < T, W3(k) = 0, thus, by
Theorem 11, we know that for every i, V& (wy, V;) = 0. For £, we know that, for every i,

_¢(Vvl’]l) k=0

Vér(ws, (Vi, i) = .
0 otherwise.

For £3, by Theorem 12, using the fact that w3 = cnug for |¢| < 1 and w3(® = % L o(Visji)s
we get that,

Lyr o(Viji) k=0
Ves(w3) ) = §-15u k=1
0 otherwise.

Now, for ¢4, we show that the maximum is attained uniquely in kK = 1 and u = ug: For k # 1, for
everyu € U

3 1
g(u,m(k)) - E(M,W3(k+l)> =0.

For k =1 and u # uy,

3 1 3 1
g(u,m(k)) - E(M,W3(k+l)> = g(u,m(l)) - §<M,W3(2))

3 ne
= §<u, Zﬁ”O)
S 3n e
256 T2
< 6. A7

For k =1 and u = uy,

3 1
(k+y = g(uo, wi My - 5(”0, w3

3 n e
g(”o, Zﬁ”O)

3 1
g(u,W3(k)> — 5 ws @)

_3n €

C 3272

> ). (18)
‘We derive that,

Vg (ws) ) =

[\S]]

=

[e]
=~ W o

I

IA

©S x= N o=
IA
~

Combining all together, we get that,

VE(wy) " =

(S]]
<
<)
W
1]

IA

S = N
IA
~
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and

Ly o(Vis i) k=0
alh) —%uwjﬁuo k=1
ug k=2

3

S vl

where ug € U\ U, V. [

Lemma 17 Under the conditions of Theorem 5, if & occurs and w;, is the iterate Unprojected GD
on F, with step size n < # and wy = 0, then, fort =5 it holds that,

LY o(Vinji) k=0,
—%nuo + %%uo k=1

wsK) = énuo k=2
%nuo k=3
0 4<s<T

where ug € U\ U7, V.

Proof We begin with £, {,, {3. Note that, by Theorem 16, for every 2 < k < T, waK) = cnug for

c < ;, thus, by Theorem 11, for every i, V€| (wq4, V;) = 0. For £,, we know that, for every i,

k=0

/ - (V7 .')
Ve (wa, (Vi, ji)) ) = Vi, ji |
0 otherwise.

For ¢3, by Theorem 12, using Theorem 16, where we showed that waD) = cnug for |¢| < 1 and
wy O =131 $(V;, ji), we get that,

Lyr oV ji) k=0
Vi3 (wy) ) = i;uo k=1
0 otherwise.

It is left to calculate V&4(w4). We show that the maximum is attained uniquely at k = 2 and
u = ug. First,

3
§< o) = 16T2<“’ o) < 16T2’
thus, since T > 4,
3 1
—<u wa®y - 1 S(awy®) = —<u ~gi0 + 3 5u0) = 5 {u, Jo)

9
S_ﬂ+1+9_’7=@
512 32 256 512
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< —.
16
For k =2 and u = uy,

3 1 3 1 3
g(u,W4(2)> - E(u,wﬁ”) = g(uo, guo> - 5(”0,()) = £(> 52).

For k =2 and u # u,_»,

3 1 RI/ 1 3n
e Q2)y _ 244y (€) A i _ - < =
8<u, wa ) 2<u ,wz) 8<u, 2uo) 2<u,0> < g

Forevery3 <k <T -1,
3 1,
§<u,w41(k)> - E(u ,wa KDy =,

‘We derive that,

IA

S o~ W N
IA
~

uo

ool

(k) _%MO
Vily(wa)'™ =

=~ W o
I

o O

Combining all together, we get that,

—35up k=1
2uo k=2
- (k) 1
VF(W4) = —juo k=3
0 4<k<T
0 k=0
and
—3nuo+ L Euy k=1
énuo k=2
W5(k) = %nuo k=3
0 4<s<T
S 2L ¢WViji) k=0,

where up € U\ U, V.

Lemma 18 Assume the conditions of Theorem 5, and consider the iterates of unprojected GD on
F, with step size n < 1/NT initialized at wy = 0. Under the event &, we have for all t € [T] that

llwell < 1.
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Proof If & holds, by Theorems 8 and 14 to 16, we know that for every r > 2, ||w, (V| < %
[w, "=V < 7 and for every k € {2,...,1 =2}, [lw, " V|| < . As aresult,

d
2
il < Z

2 2

n- n(r-3) ,
<
=2 e T

1 3 1
< — 4+ — < =
e ar < 2)
<1 T >2)

m

A.3. Full proof of Theorem 5

Proof [of Theorem 5] By Theorem 7, with probability of at least 1, & occurs and by Theorem 8, it
holds for every 2 < k < T — 3 that,

k<T-m-2
(k) — — (k) — =
w w 19
T.m Z T-i+l {;1(,, BTk -D)uy k>T-m—1 (19)
§u0 k<T-m-2
i Ly S

Then, we denote @y € RT~* the vector which its kth entry is max (32 , Max, ey {U, W.m (k“))) By

the fact that every vector u € U is in V with probability % the following holds,

T
[EVJ Z max ( max(u wr m(k))) > [EVJ
T-

2
=Ey Z max( max(u WT.m (k“)))

3

2
(— max(u me(k)))
=2

= Eyllavll
> [|Evavl|
T-3 2
3n
= Z Ey max | =—, max(u, wr_, (K))
—~ 32" uev ’
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Then, by Eq. (19),

T 2
3n
- (k)
[Ev\ Zmax (32,%a&<<u,wnm >)
k=2
—m-2 T-3 2
Z\ Z ([Ev max( max(u wrm(k)))) ([Ev max( 2 max(u wrm(k)>))
k=2 k=T—m-1
T-m-2 2 -3 2
3 T—k+2
Z\ Z ([Evmax(32 r;lax(u guo))) + Z ([Evmax (% max( 77(8—;114-)”0)))
k=2 k=T-m-1
T-m-2 2 3 2
3 3 T—-k+2
i Z Ey max | =, max{u, up) || + Ey max al max(u,uo)
8\ = 4 k=T m 1 mn v

k=T-m-1 r

2 m-1

k+4 2
+ Ey max [ — —max(u uo)
k=1 T

m-—2 2 3 2
Z ([Evmax (%,r&a&;(u,uo))) + ([Evmax(3 r- k+2m€a‘)/<(u,u0)))

Now, treating each of the term separately, with probability % on V, max, ey (u, up) < % (otherwise it
is 1), thus,

N =
AW
N =

3
E z =
v max (4,1;13‘7}(”,140))

Moreover, if k < % -4
3 k+4 3
E - — ==
Vmax(4, T 2163‘3((“,”0)) 7
otherwise,
E max3k+4max( ) >1m 3 k+4 _,_1 3
e VA R B e VR R
3 k+4
> -+ ——
8 2T
Then, we get, if m > T — 3, (note that it implies [ — 1 > 4),
T 3 )
Evy Zmax (ﬁ max(u me(k)>)
k=2
m—1 3 2
SR
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v

9 3 k+4)\?
Yo%t Y (5+57)

kil<k<3f -4 k3L —d<k<m-1

v

DI N (A

k:il<k<3 -4 k3L <k<T

v

27T—144+ Z 9+3k
64 64 8T

k:%<k§T

v

v

27T — 144 | 9T 3
i S k

64 | 256 8T }Z

ki3L <k<T

2T - 144 (97 372 3C¢ 417 o yn 2o )

64 256 ' 16T 16T 2 oAl =2
2T -144 (9T 3T 27T 3 9

64 256 ' 16 256 16T 32
148T 45 3
256 32 16T
147T 45 3 T
i T2512 = 8+ <.
101VT

100 °

\%

v
0|3

7\ 9 3 k)
g X % Y )

kil<k<3L -4 k: T <k<m+3

2 2

DTN -
8 2T

kil<k<3il -4 kT <k<m+3

~~
oolw
+
IA
[e<]EN]
N

Slia
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L 101NT
=32 100

Moreover, we notice that for every 7, £>(w;) > —||w, V|| > —n, £3(w,) > 6; and £4(w;) > &, thus,
it holds that,

3037 303
F > _—\T —-n> T ANT =1
(wrp) 2 55g VT +01+02 =127 (3200 )

and
F(w,) < SR
=73 n

Then, with probability of at least L,

303 3
F —F(w,) > n(——VT -2 - =T
(wr,) = F(w.) n(3200 n )
303 302 ) 5
>n(—— - — > < =
_17(3200\/T 3200\/T) (T > 3200 = 2 < 35:VT)
N =
~ 3200 T.

A.4. Deferred Proofs

Proof [of Theorem 3] Let r = 2%_ Forevery 1 <i <rand1 < j < d’ we define the random

variable u{ to be \%{7 with probability % and —\/% with probability % Then, for every 1 <i < r,

we define the vector u; = (u}, e ,uf') and look at the set U = {uy, us, ...u, }. This set will satisfy
the required property with positive probability. First, for every i # k, (u;, ux) are sums of d random
variables that take values in {—%, %} with E{u;, ux) = 0. Then by Hoeffding’s inequality,

2(4)°

1 7.4 U
Pr([{ui, ur)| > g) <2e V@ :26—1%

Then, by union bound on the (5) pairs of vectors in U,
. 1 _d. |r _a 1,
Pr(3i, k |{u;, ur)| = g) <2e 1B . 5 < 2e 1B i <l

Proof [of Theorem 4] First, we consider an arbitrary enumeration of P(U) = {V!,...VN}, with
N = |P(U)|, and define g : P(U) — R?, g(V') = (sin (%), cos (%)). Now, we refer to a vector
a € R?" as a concatenation of n? vectors in RZ, oW, .., a™), Then, we define 6 = 1 — cos (ﬁ),
€= n—‘52 and

NG gWV)y =
o(V.J) { 0 otherwise
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As a result, for every V', j it holds that

.\ 2 12
IV I = llg (V) = \/sin () +eos(zy) =
Moreover, if ji # ja,
(@(V',j), ¢(V', j2)y = 0
and if 7 > k,

BV, 1), ¢(VE ) =(g(VT), g(VF))

(cos is monotonic decreasing in [0, 7/2])

We notice that0 < § < 1. Now, we consider an arbitrary enumeration of U = {v1, ...v|y| }, and define
the following set ¥ C R2"* and the following two mappings o : R PU),a: R S U,

1 n
W= (oD ¢Vij) ViV CUL i€ [w]andi# 1 = ji # ji)
i=1

Note that, for every ¢ € WV,
1< 1<
ol =1~ Zl]as(vi,j,-)n < ;Zl le (Vi jo)ll = 1.
1= 1=

Then, for every a € R2"* and j € [n?], we denote the index g(a, j) € [|P(U)]|] as

q(a, j) = argmax(g(V,),a’)),

and define the following mapping o : R — P(U),

2
n
@)= Vewp-

j=1,a)£0

Moreover, for every a € R2"* | we denote the index p(a) € [|U]] as

-1 o(a)=U
pla) = { o
argmin;{i : v; e U\ o(a)} o(a)#U,
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and define the following mapping @ : R*"" — U,

viyy of(a)=U

a(a) = { Vp o(a)#U ~

Now, Let V,...,V, C U and jy, ...j, that are sampled uniformly from [n?], We prove the last
part of the lemma under the condition that j; # ji fori # k. y* = 1 "1 ¢(Vi, ji) holds

L1 1Y NEAN :
W'~ Zl #(Vie ) = (- ;mv,-,m, - ;Wm»
. %;wwmw(w,ﬁ»

>

IR

Let y € W,y = %Z?:l ¢(V/,j;) such that ¢ # ¢, then by the definition of ¥ there are at
most n pairs i,/ such that (¢(V;, ji),¢(V], j])) # 0. Thus, there exists a pair (V/, j;) such that
(V55 jr) € {(Vi, ji) =i € [n]}, and for every i, (¢(V;, ji), ¢(V], j])) < 1—6. As aresult,

W 0V ) = (3 BV ) > (Vi )
I=1 i=1 i=1

1 n n
= - <¢(‘/I’]l)’ ¢(V/’Jl,)>
n i=1 I=1

Lo+ 33 0]

i=1,i#r

IA

1
S—2(1—5+1’l—1)
n
_1 0
n n?

R Py
=W ,;;fﬁ(vbﬁ))—f

(i
Furthermore, since all j; are distinct, for every i € [n] itholds that, (% Y o (Vir, jl-f)) = % g(Vy),
thus,

1 & (Jji)
—Z¢<Vy,jl»)) >
n i’=1

= arg max(g(V,), %g(%))

1 & .
q (— > ¢(Vi’,1i’),]i) = arg max <g<vr>,
n 4= r

1

=1,
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and we get,

cw)=c (% > ¢(v,-,jl-))

n?

= U Va(Lsr i)
=LA S (VLY 20

n
U Vq(% S0 B (Vi) i) (The indices that are non-zero are {j;}"" })
=1

4

-

Il
—_

Vi

4

Finally, assuming that |J?", V; # U,
n
@) =vp@ € U\ Vi
i=1

Proof [of Theorem 6] We prove that £, ¢, and ¢4 are convex and 1-Lipschitz and ¢3 is convex and
2-Lipschitz. First, by Theorems 3 and 4 for every u € U and V € P(U), j € [n?], it holds that
[lul| = 1 and [|¢(V, j)|| = 1. Hence, ¢> is a 1-Lipschitz linear function, and ¢4 is a maximum over
1-Lipschitz linear functions, thus, also both functions are convex and 1-Lipschitz. Further, every
Y € W satisfies ||¢/|] < 1 by Theorem 3 (ii), thus, taking into account that 8 < 1, we have {3 is a
maximum over 2-Lipschitz linear functions and therefore convex and 2-Lipschitz.

For ¢, for every set V C U, let ay(w) € RT~! to be the vector which its k’th coordinate is

3n

av(w)(k) = max (3—2, max,ey (U, w(k“))) and prove convexity and 1-Lipshitzness. For establishing

convexity, observe

T 2
3

> max (—",max<u, (Ax+ (1 —A)y><’<>>)

o 32 uevVv

r 2
3

37 ma 35, (1 x9) + (1 = ) y9)|

= 32 uev

IA

-

T 2
3n k k
k; max (—32,2163‘)/( (A, xR)Y) + max (1 =2)Cu, y! ))))

(convexity of max & monotonicity of square root)

T

2
< \ Z (/lrnax (i—g,glea‘)/( (<u’x(k)>)) + (1 — /1) max (g_g’glea‘)/(<u’y(k)>))

k=2
= [y (x) + (1 - Dav ()2
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< Alayx)|l2 + (1 = Dav(y)ll2 (convexity of £, norm)

2

T 2 T
37 3n
= E L (k) - E - (k)
AJ 2, max (32,%a‘)/<<u,x )) + (1 A)J 2, max (32,11?6a‘)/<(u,y )) .

For 1-Lipschitzness, for every w € R and sub-gradient g(w,V) € d¢;(w, V), there exists a sub

2
gradient g, (w,V) € 0 (ZLZ max (;—g, max,cy{u, w(k)>) ) such that

llgn(w, V)l __ lgn(w. Wl
2 2
2\/2L2 max (%,maxue\/(u,w("))) 2\/ZLZ ay(w)®

Further, note that g (w, V) is of the form

llg(w, V) =

T
gn(w, V) =23 v (w)ay (w)©,
k=2

where
rrv () €8 (wi ay(m) ) (w),
hence

{0} J#k,

)
ry (W) € {cOnv {OyuU) =k

where Conv(S) denotes the convex hull of a set S. This implies that Hrk,v(w)” < 1, and
(rk,v(w),rkf,v(w» =0 for k # k’. Therefore,

T

23 revw)ay(w)®

k=2

lign(w, V) =

T 2

D rvway ()™

k=2

T
=2,>° av () O riy )|
\&

This now implies that ||g(w, V)|| < 1, and completes the proof. |

Proof [of Theorem 7] By the fact that every V; and j; are independent, it is enough to show that

n
| Jvizu

i=1

Pr >

’

| =
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and,
1
Pr (forevery k # 1, ji # j;) = 3
For the former, for every u € U, since V; are sampled independently and every vector u € U is in
every V; with probability %

Pr

n n
MEUV,»):l—Pr(ue‘UVi):l—Z_”,
i=1 =1

thus, since by Theorem 3, |U| > 2% = 2" | it holds that,

n n
Pr(UV,-=U = Pr VueUueUVi)
i=1 i=1
=(1-2mW!
<(1-27"

1
S —_
e
1
< —.
2

‘We conclude,

>

N —

Pr(OVi;tU

i=1
For the latter, since all j;s are sampled independently, for a single pair k£ # [, it holds that

) ) 1
Pr(jx #j1) =1~ o

As aresult,

Pr (f k£1, i % ) (1 1) i >(1 1)2> L1

r (for ever ik Ej)=(1-—= >|l-—=] >—>-.

Y 2 Voo e
m

Proof [of Theorem 9] First, differentiability can be derived immediately from Theorem 31. Second,
for 5-Lipschitzness, for every (V, j) € Z, we define fy ; : RY — Ras fy_;(w) = f(w,(V,))). By
the 5-Lipschitzness of f with respect to its first argument and Jensen Inequality, for every x, y € R¢,
it holds that

|Av.j(x) = fv i) = [Evess (fv.j(y +v)) = Evesr (fv,j(w+v))]
= |Evess (fv,j(x+v) = fv ;(y +))]|
<Evesn|(fv.j(x+v) = fu ;(y +v))]
< 5|x —y|.
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Third, for convexity, by the convexity of f for every x,y € R¢ and a € [0, 1],

fv.jlax+(1—a)y) =Evesn (fv,j(ax+ (1 —a)y +v))
=Evesn (fv.j(@x+v)+ (1 -a)(y+v)))
< Evess (afvj(x+v) + (1 —a)fv j(y +v)))
= aEyesp (fv,j(x+v) + (1 - @) (Evesnfv,j(y +V))
=afy,;j(x)+ (1 -a)fv;(y).

Proof [of Theorem 10] We assume that & (Eq. (13)) holds and show Theorem 10 under this event.
We prove the claim by induction on ¢. For ¢ = 1, it is trivial. Now, we assume that w; = W;.

For £y, in every ¢, by the proofs of Theorems 14 to 17 and Theorem 8, it can be observed that
forevery i € [n], k > 2, max, maxyev; (U, w, Ky < L ¢» thus, in every iteration the term that gets the

maximal value is ﬁ. Then, by Theorem 33 and the hypothes1s of the induction, for every i,
Vgl (Wl’ ‘/l) = Vgl (Wt’ ‘/l) = 0 = Vfl (Wt’ ‘/l)

For £, and every w € R4, V C U and j € [n?], by linearity of expectation,

H(w, (V,))) = Evesn | (WO +v @ —o(V, j))

= 0w, (V, /) + (Evessv' ™, —o(V, j))
= €2(W’ (V’ .]))

Then, we derive that for every w and i, V&> (w, (V;, ji)) = Ve (w, (Vi, ji).
For &3, when ¢ = 1 the term that gets the maximal value is 6. Moreover, it can be observed that
for every ¢ € ¥,

mag ((W(O) vy - 4T2 —a(), W1(1)>)

Then, we can apply Theorem 32, and get by the hypothesis of the induction,
Vi3(W1) = Vi3(wi) = 0 = Vi3(wy).

If ¢ > 2, by Theorems 15 to 17 and Theorem 8, we have,

t3(w;) = max (62,r£a$(<w( y) - 4T2

= {a@).w,( )>))

=r£gl;<(<w ) - 4T2<a(w) ,w,! )>)

and further by Theorem 12 (i), the maximal value of (w(®,y) — 4 F(a(y), w(D) is attained at

Y = ¢, and the difference from the second maximal possible value of this term is at least 746. In

addition, by Theorem 12 (ii) we have that this maximum is also larger than d; by at least 1;—7n. Hence,

% = 77 < 125 we can apply Theorem 34 and get by the hypothesis of the induction

since 6 =
that,

~ k ~ k
vy ()" = v (w) ™
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Ly o(Vi, ji) k=0
= 1-=a(3 XL 0(Vij) k=1

0 otherwise
= V3 (wp) ™.

For ¢y, for t € {1,2}, wt(k) = 0 for k£ > 0 by Theorem 14, hence the term that gets the maximal
value is 6. Moreover, it can be observed that for every such ¢, and every k € [T — 1] and u € U,

3 1
g(l’t’ wl(k)> - §<l/l, W[(k+1)> = 0
Then, we can apply Theorem 32, and get by the hypothesis of the induction,
V&(W,) = Vf4(wt) = 0=Vl (w,).

For ¢t = 3, it can be observed by Theorem 15 that,

3 1
4(w;) =max |8, max =, w, Ry = =y, w, KDy
ke[T-1],ucU \ 8 2

3 I
_ 3 e 0y = Lo e
e (001 = )

= 2w ™)

3 ne
84712
_ 3ne
3277

<M0’ l/t()>

The second maximal possible value of this term is 6, = 25 (by Eqgs. (17) and (18)), then, by the
3ne _ 3nme _ 3me

6472
fact that 6 < 575 — &7 = ;72> We can again apply Theorem 34 and get by the hypothesis of the
induction that

~ k ~ k
vy (w)"™ = v (w) ™

%uo k=1
=1-1up k=2

0 otherwise
= Vs (wi) ™.

For t > 4, it can be observed by Theorem 8 and the proof of Theorem 17 that,

3 1
4(w;) =max |6, max =, w, Ry = =y, w, KDy
ke[T-1],ucU \ 8 2

3 1
- z (k)y _ Z (k+1)
NP TR R ()
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Moreover, the maximal value is 31—'67 and is attained in kg =t — 2,u = ug = a(y*). The second

maximal possible value of this term is smaller then 56—2, then we can apply again Theorem 34 and get
by the hypothesis of the induction that

~ . (k = k
Vf4(Wt)( = V€4(Wz)( )

%uo k=t-2
=1-qup k=t-1

0 otherwise
= Vea(w)'.

In conclusion, we proved that VF (wy) = VE (W;), thus, by the hypothesis of the induction,

Wisl = Wy — VE(wy) = W, = VE(W;) = Wea

Appendix B. Underfitting of SGD: Proof of Theorem 2

In this section we provide a formal proof of our main result for SGD given in Theorem 2. Here, our
goal is to establish underfitting: namely, to show that the algorithm may converge to a solution with
an excessively large empirical risk despite successfully converging on the population risk.

As in GD, we construct a hard loss function, which is defined in a d-dimensional Euclidean
space such that d is polynomial in the number of examples n. For the first step of the construction,
we use Theorem 3 (see Appendix A), which shows for every dimension d” an existence of a set of
approximately orthogonal vectors in U € R?" with size exponential in d’. We define the set U to be
U := Uy for d’ = 712nlogn, the sample space to be Z56P = {V : V C U}, and the distribution
D36P (0 be such that every u € U is included in V C U independently with probability § = #.
Henceforth, we consider an arbitrary enumeration of the elements of U:

U={vi,....viu}- (20)
As before, we refer to every vector w € R4 as a concatenation of vectors, w = (W(O), R w(”)),
’ 2 . . . .
where for 1 < k <n, w® € R? and w(® e R¥" . In this construction, w(®) is also a concatenation
of n vectors w1 . w01 guch that each for every r € [n], w(0r) e R2n

Our approach is, as in GD, in every iteration f, to encode the set V;, sampled from D5CP into the
iterate wt(gi. For this, we construct an encoder, ¢ : P(U) x [n] — R?*, a decoder a : R> — U, a
real number € > 0 and n sets denoted as ¥y, ..., ¥,. Here, the idea is that the set /x may represent
all of the possible training sets with k examples, {V; ..., Vi }, and in every iteration ¢, it is possible to
get the vector w;‘_l € ¥,_1 — which is identified with the actual sets V1, ..., V,_; that were sampled
before this iteration — as a maximizer of a linear function with margin €. Then, we aim to output a
vector u; € (i, V;. The construction of such ¢, @, ¥y, ..., ¥, is provided the following.

Lemma 19 Letn, aset U € RY. Let P(U) be the power set of U. Then, there exist sets {¥, ... ¥, } C
R?*, a number 0 < € < % and two mappings ¢ : P(U) x [n] — R*", @ : R*" — U such that,
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1. Foreveryj e [n]landV C U, |l¢ (V,j)| < 1.
2. Foreveryk, ¢ € ¥y, la()| < 1, |l¢| < 1.
3. LetVy,..., Vi C U. Then, for every k, ;. = %Z{;l o(Vi,i):

 Foreveryy € W, ¥ # Y-
1< 1<
Wi D SVeD) 2 (W D (Vi) + e
i=1 i=1

. Ifﬂf.‘:1 Vi0and m = argmin{i : v; e UN ﬂfle Vi}, then a(Y*) = vy, € U.

The proofs of the above and of other lemmas in this section are deferred to Appendix B.4. Proceeding,

we define our loss function f59, composed of three terms 7P, £59P, £39P:
T 377 2
SGD o 3n )
f (W,V) . Zmax(32,run€a\>/(<u,w >) (©3))
k=2
£55P (w,V):=
emax (o max [ Tw®) - ). w )+ (0, Ly
’ ke[n-1],ucU,pe¥; \ 8 ’ 2 ’ > 4n

1 1
- <W(0’k+1)7 E'ﬁ) + <W(O’k+1)’ _mgb(va k+ 1))))

1 1
o1 __~ _(— (1)

€3SGD(W,V)::
where the second term is denoted f;GD(W, V) and u; is an arbitrary vector in U. The next theorem
is the core component of the lower bound.
Theorem 20 Assume that n > 2048 and n < \/LT Consider the distribution D3P to be such that
every u € U is included in V C U independently with probability 6 = 41?, and the loss function

3590 with d = 712n* logn +2n?, & = #(1 - COS(W)) and 6| = #. Then £5CP is convex and

4-Lipschitz, and for Unprojected SGD (cf. Eq. (2) with W = R4) initialized at wy = 0 with step size
1, we have, with probability at least % over the choice of the training sample:

(i) The iterates of SGD remain within the unit ball, namely w, € BY forallt=1,...,T;
(ii) Forallm =1, ...,T, the m-suffix averaged iterate has:

FSP (wr ) — FSCP(,) = Q(nVT).

The proof of Theorem 20 is given in Appendix B.3, and builds upon the lemmas presented next.

Lemma 21 For every V € Z, the loss function f3°P(w,V) specified by Theorem 20 is convex and
4-Lipschitz over R? with respect to its first argument.
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As in GD, we provide a key lemma that characterizes the trajectory of SGD under a certain ”good

event”. Consider a random training set sample S = {V;}" |, and define:

E ={Vi<TP; #0and J; € S;}, 22)
-1
where P; = Vi, (23)
i=1
t=n
S = Vi, (24)
i=t
andfor P, #0 :r, = argmin{r : v, e U N P;} (25)
Jy=v, €U (26)

Our next lemma shows that &’ occurs with a constant probability.
Lemma 22 Under the conditions of Theorem 20, it holds that Pr(&’) > %

Under this event, the dynamics of SG D is characterized as follows,

Lemma 23 Assume the conditions of Theorem 20, and consider the iterates of unprojected SGD,
with step size n < # initialized at wi = 0. Conditioned on the event &', we have for t > 4,

—%nu1+(t—l)%u1 k=1

w, (&) = %’7”1« 2<k<t-2
t — l k_ _1
FNUr—1 =t
0 t<k<n,
and
L3 e ) k=1
w00 =L SV k=i—1
0 ke {l,t—1}.

where uy € U, and for k > 1: uy € ﬂf.‘:_ll Vin L, V..

At this point, we are ready to prove Theorem 20. The proof is similar to that of Theorem 5, using
Theorem 23 instead of Theorem 8, and is given in Appendix B.3. All that remains for the proof
of Theorem 2 given next, is to apply smoothing to make the learning problem from Theorem 20
differentiable, and combine its result with a standard optimization lower bound (Theorem 38).
Proof [of Theorem 2] Let

PP w, V) = E, pnira) [P (w +6v, V)], 27)
where
- ne
o= . 28
32n3 (28)
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Analogously, we denote the empirical loss and the population loss with respect to the loss function

- ~SGD - - -

f5PasF  (w) =137, /5P (w,V;) and FSP(w) = Ey.p 5P (w, V), respectively. We have
that this loss function is convex and Lipschitz, and that the GD iterates identify with those of the
original, non-smoothed loss.

Lemma 24 For every V € Z, the loss function f36P is differentiable, convex and 4-Lipschitz with
respect to its first argument and over R¢.

1

Lemma 25 Let w,, W, be the iterates of Unprojected SGD with step size n < N and w; =0, on

—~ ~SGD
FSSP and F respectively. Then, if & occurs, for every t € [T] it holds that w; = W,.

Now let W, be the m-suffix average of SGD on fS6P and let w, = argmin,, FSSP(w). By

Theorem 25, we know that, with a probability 5 Wnm = wSGD Then, by Theorem 20 and the fact
that || fSCP — fSGD|| | < 46 (see Theorem 35),

) I?SGD (W_*)

64000
= F‘SGD(wn,m) - ()
~SGD . =SGD —— -
<F  (Wpm)+40-F (w,)+46
~SGD . =SGD _ -
SF  (Wpm)+40—-F  (w,)+49,
hence,
ESGD ;;:‘SGD \/_
(Wam) = () 2 64000 4n3
> [
- 64000\/_ 4n3
n
> > 40
> 128000 V" (n 2 40)
= Cinvn.

In addition, by Theorem 38, we know that for Unprojected SGD and d, = max(25n2T2, 1), there
exist a constant C, and a deterministic loss function fOPT : R%> — R such that

R ~ —~ . 1
FOY (wrm) = FOFT(W,) = Comin (1, TY_T)

Now, let C = —mm (C1,C). Ifnp =T~ 3 , then, nVT > min(1, T), and we get,

—~SGD —~SGD

s ~SGD _ . 1 . 1
F (wrm)-F (wy)=C n‘/?+m1n 1,—]] =2 C|min l,n\/f+— .
’ nT nT
Otherwise, we get that,
~ ~ —~ . 1 . 1
fOPT(wT,m) - fOPT(w,) > C (n\/T+m1n (1, _T)) >C (mm (1,77\/7+ —T)) .
n n

In both cases, by Theorems 23 and 38, w, € B for every ¢ € [T], hence the result is applicable also
for Projected SGD, and the proof is complete. |
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B.1. SGD Dynamics: Proof of Theorem 23

For proving this key lemma, we analyze how the terms KISGD, KZSGD affects the dynamics of SGD
under the event &’. First, we show that the gradients of KISGD do not affect the dynamics of SGD, as
the gradient of this term at any iterate w; is zero.

Lemma 26 Assume the conditions of Theorem 20 and the event &'. Let w € R and t be such that
forevery2 <k <t—1, w® = cnuy for0 < ¢ < % and every such uy holds uy, € ﬂ{.‘:_ll Vin (L, Vi,
and for everyt < k < T, w) = 0. Then KISGD(-, Vi) is differentiable at w and VZISGD(W, Vi) =0.

Proof First, by the fact that for every r < k < T, w(&) =0, for every such k,

3n
(k)y — =
glez%(u,w y=0< 3

For2<k<t—1,wk = cnuy, where 0 < ¢ < % and every uy € m{:kVi C V,, thus,

3
<2

1
ky 12
max(u, w'"’) 23 <3

ueV; -
We derive that V£Y9P (w,, V;) = 0. [ |

Now, we analyze the gradient of &EGD. The role of this component is to decode the next ’bad

solution” « (% ;11 o(V;, i)) from the sets Vp,...,V;_1, and make a progress in this direction in

some subspace W~ In the following lemma, we show that the gradient of KZSGD, serves this goal.
Lemma 27 Assume the conditions of Theorem 20 and the event &'. For every k, let ;. =
%Zle ¢(V,,1). Moreover, let m > 3 and w € R such that w'" = cnu, for —% <c¢ < 0and
uy € U, forevery2 <k <m—1, wh = %nuk such that every uy holds uy € ﬂfz_ll Vi NNk Vi,
w(m) = %num where uy, holds u,, € ﬂ?;l Vin L, V; and for everym +1 < k < T, wK) =0,
Moreover, assume that w holds w(®-™) = %1//;“”, lwOV || < n and for every k ¢ {m, 1}, w(®5) =0,
Then, for everyV C U, ngD is differentiable at (w, V) and, we have for k + 0,

) %um k=m
vEPLw, )Y = Llar)  k=m+1
0 k¢ {mm+1}
and,
(0.k) 2 Zrm ¢ (Ve i) k=m
VEPw, V)T == S 6 (Vii) - (Vi) k=m+1
0 k¢ {m,m+1}.

Proof First, we show that the maximum of fSGD(W, V) is attained with k = m and u = u,,. For
k>m+1,forevery u € U and ¥ € ¥y,

3 1 1
z (k)y _ — (k+1) 0.k)
=G w M) = S (@), ) + (O, )
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1 1
= D, )+ O, - g (V k1)) = 0.

For k = 1, for every u € U and ¢y € ¥, by Theorem 19, we know that for every ¢, V, j,
el 1oV, DIl < 1, and a(y) € U, thus,

3 1 1 1 1
_<M, W(k)> - —<C¥(l//), W(k+l)> + <W(O,k)9 _170> - <W(O,k+1)’ _l/’> + <w(0,k+1), __2¢(V7 k+ 1)>
8 2 4n 4n 4n

3 1
=§QMJ0—{%wbaw»+<w““55w>—0+o

9 7 n

< 2

Ssn2 128
7

<o > 4
8 (n>4)

For2 < k <m -2, forevery u € U and ¢ € Wi, by Theorem 19, we know that for every ,V, j,
gl lg(V, DIl < 1, and e (¢) € U, thus,

3 1 1 1 1
—<M, W(k)> - _<a,(w)’ W(k+1)> + <W(0’k)> _¢> - <W(0’k+1)7 _lﬁ> + <W(0’k+1)7 __2¢(V’ k + 1)>
8 2 4n 4n 4n

3
= i) = 1o (e, @) +0=0+0

Lan,n
64 16
<7
8

For k = m — 1, for every u € U and ¢ € Wi, by Theorem 19, we know that for every ,V, j,
lll, [l¢(V, )l < 1, and a(¥) € U, thus,

3 1 1 1 1
_<I/£, w(k)> - —<CY(¢), W(k+l)> + (w(o’k)’ _lr//> - (w(o’k+l)’ _'70> + (W(O’k+l)’ __2¢(V’ k + 1)>
8 2 4n 4n 4n
3 1 1
= 6—4<Mk, uy — g(ukﬂ, a(y)) +0 — (WO, Ew) + (w (kD) md)(V, m))
3n n 1 1
<04 4
=632 102 T o3
<% (n > 4)

For k = m, u # u, and every ¢ € ¥,,, by Theorem 19, we know that for every ¢, V, j,
el 1o (V, DIl < 1, and a(y) € U, thus,

3 1 1 1 1
_<l/l, w(k)> - —<Q/(l//), W(k+1)> + <w(0’k)9 _lvb> - <w(0’k+1)’ _l//> + <w(0’k+1)7 __2¢(V7 k + 1)>
8 2 4n 4n 4n

3 1
= G w Oy (g, W)

3 1
=g gum> - pw ™)

3n n
<
=128 T Ton2
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<3'7—2. (n > 4)

For k = m, u = u,, and every ¥ € ¥,, by Theorem 19, we know that for every ,V, j,
lgll, gV, DIl < 1, and e(y) € U, thus,

§<u,w<’<>>—1<cx(w),w<’<+‘>>+<w<0"<>,$w> ORI, (v, k4 1)

- —<u wt<k)>+< —yw; O0)

3
-
S _

16 16n2

Sn

s >4
) (nz4)

>0 1.
Second, we show that when k = m and u = u,,, the maximum among ¢ € ¥, is attained

uniquely in ¥, = % 21 ¢(Vi,t). For any ¢ € W¥,,, with ¢ # ¢, by Theorem 19, for k = m,
u= um’

3 1 . L.
W) = (@) WD) + 0O, )

* m 1
- <W(O’m+1)9 _¢m> + <W(O’ +1)’ —4—’12(1)(‘/,771 + 1)>
1
= 2w ™) + (0O
L qu(v 0)
6" 16 2\ "
> o Zas(v D)+ 2
=16 " 16 2 "
e (k) (0,m)
= 20w )+ (g ) =
3 1
- = (m)\ _ — (m+1) O0,m) _~
™)~ 2 (a), w >+<w )
1
(0,m+1) (0,m+1)
— (W ,E¢)+(w 1, 2 (Vm+1))+162
‘We derive that,
%um k=m
vEPw, ) = Layr)  k=m+1
0 ké¢{mm+1}
A2 1 ¢(Vl’ t) k=m
SGD (0,k) 4" 1
VT  (w, V) = 4n2 th] (Vi 1) — mqﬁ(v,m +1) k=m+1
0 k¢ {mm+1}.
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Now we can prove Theorem 23.
Proof [of Theorem 23] We assume that & holds and prove the lemma by induction on ¢. We begin
from the basis of the induction, ¢ = 4, which is proved in Theorem 30 in Appendix B.2. Now, we
assume the hypothesis of the induction, that the lemma holds for iteration ¢ and turn to show the
required for iteration 7 + 1.

First, we notice that for every 2 < k <t — 1, w, (k) = cnuy for ¢ < % and every such uy holds
ug € ﬂf.‘:_ll Vi NNk V;, and for every t < k < T, w;'¥) = 0. Then, by Theorem 26, we have that
VeSSt (w,, V) = 0.

Second, €3SGD is a linear function, thus,
o) —%ul s=1
S
VEP (W, Vi) ==V, ) s=0,1
0 otherwise.

Third, For €§GD(W,, V;), we notice for m =t — 1 > 3 it holds that w, (D = cnuy for —% <c<0and
uy e U,forevery2 < k <m -1, w, (k) = %nuk such that every u holds uy € ﬂfz_ll Vin ﬂ:‘:k v,
w, (M) = %num where u,, holds u,, € ﬂ:’gl Vi N L, V;,and forevery m+1 < k < T, w®) =0.
Moreover, w; holds w(%") = %dxfn, lw: @D < n and for every k ¢ {m, 1}, w, %K) = 0. Then, by
Theorem 27, we get that, we have for & # 0,

%Mt_l k=t-1
(k) 1 "
VoL (w, V) = -tayr ) k=t
0 k¢{r—1,1}
and,
Ll a v, i) k=m
An2 i=1 is -
SGD (0.k) 1 vt .
VT (we, Vi) =157 iz $(Visi) k=m+1
0 k¢ {mm+1}.

Now, by Theorem 19, for j = argmin;{i : v; € ﬂ;;f Vi}, we get that
t—1
ay_ ) =vje[ |V
i=1

We notice that ;;11 Vi = P, and thus a(y;_,) = J;. Then, by &, a(¥;_,) also holds a(¢_,) € S;.
Combining the above together, we get, for u; = a(y;_,) € P, NSy,

—#ul k=1

3

SUp_ k=t-1
V(e Vi) ) = {80

_iut k=t

0 ke {l,t-1,1},

45



SCHLISERMAN SHERMAN KOREN

and,
— (Vs 1) o1
Vf(w; V[)(O,k) — # Z;;ll o (V;, 1) k=1t-1
_# Z‘45:1 o (Vi, i) k=t
0 ke {lt-1,t},
and the lemma follows. _

B.2. SGD Dynamics: The first iterates

Lemma 28 Under the conditions of Theorem 20, if & occurs and w; is the iterate of Unprojected
SGD with step size n < % and wy =0,

and,

n —_—
Wy (0K) = (V1) k=1
0 k# 1.
Proof wi = 0, thus, for every k,
3

Ky =<« 2L
géa‘;liw,m ) <35

and we derive that VKISGD(wl, Vi) = 0. By the same argument, V&EGD(wl, V1) = 0 (where the

maximum is attained uniquely in ). Moreover, €3SGD is a linear function, then, we get that,
1
——= k=1
VeSS0 (v (k) _ )=t ’
3 ( 1 1) 0 k>2
and,
1
——ao(Vy, 1 k=1
Vg??GD(Wl,VI)(O,k) — an2 ¢( 1 )
0 k#1,
and the lemma follows. |

Lemma 29 Under the conditions of Theorem 20, if & occurs and w; is the iterate of Unprojected
SGD with step size n < Ln andwy =0,

\F
%m—%ul k=1
W3(k)= 7—27142 k=2
0 3<k<n
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4n2 ¢(V29 1) k = 1
w0 =3 LoV, 1)+ Le(V2,2) k=2
0 k>3

where uy € U, and us holds us € P> N S5.

Proof
First, by the fact that forevery 2 < k < T, wo (k) =0, for every such k,

3n
(k) _
{lréa);(u, wyy=0< Bk

and we derive that V&3P (wy, V3) =

Moreover, €3SGD is a linear function, thus,

/A k=1
£3GP (1, V- (k) _ )3t
50 (w2, Vo) 0 P

and,

L (V1) k=1
gSGD w ,V (k) — 4n2¢ 25
3 w2 V) 0 k#1.

For €§GD(w2, V,), we get by the fact that for every k > 1, wp(K*1) =y, (0-k+1) = 0,

fszD(wz, V,) = max (62, max ( (u, wz(k)) + ( 1// wz(o k))))
ke[n—1],uelU,ye¥;

As afirst step, we show that the the maximum is attained with & = 1 and u = u;, For k # 1, for every
ueclUandy € ¥y,

—(M Wz(k)>+< 2 wy 0Ky =
For k =1, u # u; and every ¥ € Wy, by the fact that |||, ||¢(Vi, D] < 1,

3n n n 3n
2 (k) + (0,k) < + = < .
<” w2t < l// w2 ) 64n3  16n3  64n3  16n3

For k = 1, u = u; and every ¥ € ¥, by the fact that |||, ||¢(Vi, D] < 1,

3n n>3n

3 0y 4 oy 5 31 30
<“ w2 < VW) 2 e T o T Tend

>51.

As a second step we show that the maximum among ¢ € W is attained uniquely in ] =
%(]&(Vl, 1). For any ¢ € W, with  # ]. By Theorem 19, for k = 1, u = uy,

1
w2 @) (g ) = 2L <—¢;<,4i2¢<v1,1>>

3
= oL =i Lovi, 1)
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>3—77+ 1

T 8n3  16m2

3 1
= g(u, wy ) + (E% wy 0 +

1 ne
W, Z‘P(Vl, 1)+ Ton?

ne
16n2

We got that the maximum is uniquely attainedatk = 1, u = u, ¢ = %(]5(‘/1, 1). Now, by Theorem 19,
for j = argmin,{i : v; € V;}, we get that

a(y)=v; eV

We notice that V| = P, and thus a () = J,. Then, by &', a(¥) also holds a(y) € S;. Combining
the above together, we get, for uy = a(y¥) € P, N Sy,

%ul - %Lﬁ k=1
Vw2, Vo) =3 ~Lu, k=2
0 k>3
and,
(Vi 1) = 7=¢(Va, 1) k=1
Vf(wa, Vo) O0 = 3-Lgvi 1) - Lo(h2) k=2
0 k > 3,
and the lemma follows. |

Lemma 30 Under the conditions of Theorem 20, if & occurs and w; is the iterate of Unprojected
SGD with step size n < \/lﬁ andwy =0,

Eul - %ul k=1
Ty k=2
71/{3 k=3
0 k>4
and,
mo(Va, 1) + 75¢(V3,1) k =
00 =3 LoV, 1) + 756(V2,2) + 756(V3,3) k=3
W4 4n2¢( 1s )+4n2¢( 2 )+4n2¢( 3, )
0 k¢ {1,3}

u € Vin ﬂl'.‘zz V, and for every 3 < k < T, wt(k) = 0. Then, by Theorem 26, we have that
VKISGD(Wg, V3) = 0. Moreover, t’gGD is a linear function, thus,

Proof First, we notice that by Theorem 29, it holds that wi@ = cnuy for ¢ < % and uy holds

n k=1
£56D (33, v3) M) = {7t :
3 (3 3) 0 k>2
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and,

gV 1) k=1
{SGD w ,V (k) — 4n2¢ 3
3w Vs) 0 k# 1.

For f‘;GD(W3, Vi), we first show that the the maximum is attained with k = 2 and u = uy. For k > 3,
for everyu € U and ¢ € Wy,

1 1
w30 = 2@, ws D) 4 (300, L
8 2 4n

1 1
= 0O, g+ a4, (Vo k4 1) =0,

¥)

For k =1, for every u € U and € V1, by the fact that for every ¥, V, j, ||, [|¢#(V, ) < 1,
3 I (k+1) 0.k 1
w3 = =(a(y), w3 ) + (W, —y)
8 2 4n

1 1
- <W3(0,k+1)9 _lﬂ) + <W3(O’k+1)’ __2¢(V7 k + 1)>
4n 4n

3 2n 3np n 1 n n
=305~ §)<M1,M> - Z(“z,a/(ﬁb)) + (mﬂVQ, 1),y) - <@¢(Vl, 1)+ 4_}12(/1’(‘/2,2)"»0)

n n 1
+{(—o(Vi, 1)+ —=o(V2,2), — (V3,2
(20W D+ 2 56(V2.2). —5¢(V5.2))
9
o m oo n

T 512 32 4n?2  2m?2  8nt
29
FZ (n > 4)

<7
8

For k =2, u # up and every € W, , by the fact that for every ¥, V, j, @], lo(V, )l < 1,
3 (kyy _ 1 (k1) o) 1
Su, w3y — (a (@), w3 ) + (w3 —y)
8 2 4n
1 1
- <w3(0’k+1), _‘ﬁ> + <W3(O’k+l)’ __2¢(V’ k+ 1)>
4dn 4n

3 1
= =, w3y + (—y, w30y
4n

8
3 n 1 n n
= 2w — i, ——p(Vi, 1) + —= (V5,2
8<u’2ul>+<4n(rh’ 4n2¢( 1, )+4n2¢( 2 )>
3n 7
< -t 4 _°
=128 8
<%. (n>4)

For k =2, u = up and every s € W, by the fact that ||¥ ||, ||¢(V1, D] < 1,
3 ity _ L (k+1) 0k L
(u,w3'™) = =(a (@), w3 ) + (w3, —y)
8 2 4n
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1 1
- <W3(O,k+1)> _l//> + <W3(O’k+1)a —@(b(v, k + 1))
3
= g(u W3(k)>+< l/’ w3 R))

_§<u u2>+( v, (Vi D) + 25 6(1,2)

S 3_77_1

~ 16 8n3

el (n>4)
32 -

>51.

Second, we show that the maximum among y € ¥, is attained uniquely in 5 = %¢(V1, 1)+%¢(V2, 2).
For any y € W), with  # wz*, by Theorem 19, for k =2, u = uy,

3 1 1
§<u, w3 Ky — §<C¥(lﬁ§), w3 E DY 4 (300 EW;)

1, 1
— (w3 R gy (w3 0D —@fﬁ(‘/, k+1))

3 -
= §<M, w3 ®)y + <—l//2, w3 0K

<—w2, TV D) + 5 6(V2,2)

3n
= 16 16 2 <lr//2’ _¢(V1’ 1) + ¢(V2’ 2))

3,
16 16 16n 2<‘” ¢(V131)+ ¢(V2,2)>+16 -

_2 (k)y 4 O.k)y . €
<um ) < pUAE R Ry

3 1
= =(u, w3y - —<0!(lﬁ),w3(k+l)> + (w3 R —y)
8 2 4n

1
_ 0,k+1) ~ (0,k+1) _
w3 @R, ) 4 oy ORD (v, kr 1))+ 1 T

We got that the maximum is uniquely attained at k = 2,u = uz, ¢ = 3. Now, by Theorem 19, for
Jj =argmin{i : v; € Vi N V»}, we get that

a(y) =v; eVinNV,.
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We notice that Vi NV, = P3 and thus a(y) = J3. Then, by &', a(¥) also holds a(y) € Ss.
Combining the above together, we get, for uy € U, uy € Py NSy and uz = a(y3) € P3N S3,

—3Ul s=1

%Mz s=2

—%LB s=3

AR dsssn

—m¢(v3, 1) s=0,1

(Vi 1) + 756(V2,2) 5=0,2
—o(Vi D) - 50(.2) - 50(13.3)  5=0.3

0 s =0,k fork >3,

and the lemma follows. |

B.3. Proof of Theorem 20

Proof [of Theorem 20] We show that the theorem holds if the event & occurs. First, we prove that
foreveryt, ||w:|| < 1. By Theorem 23,

Wi [i]2

] I

llwell < \

<\§NMWW+ZMMMW
<\/2 = +(n—2)( ) +2-(%)2

\/( 7 2(n—z)
2n?
1
V7 o (7<)

Now, denote ary € R"73 the vector which its kth entry is max (
Forw, =wy n,andany2 < s <n-2,

1, maxyev, (U, (n = k +2) Fugs)).

w, ) = —us+(n—s—1)—us —(n—s+3)—us
2n

Then,

1 n n 377 2 1 n n-2 377 2
;Z kZﬂmax (ﬁ,géa‘;f(u,wn(k)>) > ;, 1 Zmax (ﬁ max(u W, K
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2
= % 2 \Zmax( max(u (n—k +3)8n_nuk>)

2
= lz Zmax( max(u (n—k+2)—uk+1>)
n o\ £ o

n-3 3 2
= —Z Zmax —n,max(u, (n—k+2)luk+1>
n 4 \ 32 uev; 8n
i=1 k=1

1 n
=~ ) llavl
i=1

> ||%§av,~ll
n-2 n 2
= JZ (l Z max (3— max(u (n—k+ 3)—Mk>))
= \" o 32

4

n-2 n 2
o 1 3 n—k+3
= §\Z (; . max (Z,Il}g;f(u . Uk)

k=2 i=1
n-2 n 2
n 1 3 n—k+2
= g — max Z,mag((u, —ug)
\kZZ n i1 uev; n

Now, by the fact that if & holds, by Theorem 23, for2 < k <n -2, uy € Py = ﬂf:ll Vi,

1 n n 3U 2
— s (k)
" Z Z max (32 Bnea)l((u Whn ))

2
—kt zuk)) Z max ( meax(u #uk)))

S 3m-k+1) k-1 3 n—k+2\\
+ max |-, ————
4n n 4 n

v
o3
—
gl
[\
—_——
S| =
>~
gl
=
ov)
bol
A
N
—~
=

v
oo |3

4n n? 4n 4n

(3(n—k+1)+(k—l)(n—k+1))2+ Z (3(n—k+1)+3(k—1))2
-2

4-3<k<n-2

(n—k+1)Bn+4(k-1)) 27n
2( 4n? ) 64

(n-k)(3n+4k)\* 27n
Z ( 4n? )+6_4
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Now, the fact that for g < k < 7, ﬁ < k—zandfork <% SL < ﬁ—z
1 n n 3 2
- J max (%,max(u,wn(k)))
3 Vim ueVi
n (3 k )2 9n 27 2Tn
> = Sh—| v ==-=
8\ 12n 4  8n 128 16 64
o 3 H 9 27 L2
SN I SRR -
8\ 128  64n 128 16 64
k=1
2
ZQ\/l(E_l) 27, 36n
8V21\8 16 64
n | n 27 36n
> d /2 _ =2 > 16
=3\V512 16 64 (n 2 16)
577n
S i > 2048
=8V 1024 (n 2 2048)
S 3n 31] 2001
=32 2000
Now, form <nand2 < k <n-2,
Wn,m - 1 (n n
~ (Fup + (n— k= 1)Fuy) k>n-m
LT k<n-m-1
W”S k>n-—m.
Then, by similar arguments, it holds that,
2 1 n n-2 377 2
(k) - - (k)
max max(u Wh.m )) > " ; ;max (32,11}162};:(u,wn,m ))
n-2 2
1 3n
_ _! (k)
ZJ (anax(32 Lréa)l((u s Whm )))
k=2
n-m—1 1 n 3 2 n-2 1 n 3 k+3 2
= g Z (;Zmax (Z,ruréaé(u,uk))) + (ZZmax (Z,gg%u, %M)))
k=2 i=1 k=n-m i=1
n L 3 2 o2 1 © 3 n—k+2 ?
> L — - — . R —
Z3 kz:; (n;max(él,{trgz(u,uk))) +k:n_m(n;max(4,£réaé(u, . uk)))

53



SCHLISERMAN SHERMAN KOREN

2
gJZ( Zmax( max(u #uk))) (k=22 = ”‘T’”Z <1

_ 3n 2001

32 lculation f
32 ' 2000 (calculation for wy, ,,)

As a result, we notice that for every t, {3 (w,) > ——5 — % and €(w;) > 0 thus, it holds that,

1
4n2
gy 2000 1 1
32 2000 4n?2 nd
3np4/n 2001 7

32 2000 2n2
3V 2001 pyn

F(Wom) =

=

> . > 256
=732 2000 80000 (n 2 256)
_ 3nya (2001 1
=732 12000 ~ 2000
_ 3y 4001
=732 4000
and
—~ —~ 377
F(w.) < F(0) < 3—2\/5
Then, if & holds
_ S 3gyn 2001 3y
Fwnm) = F(W.) 2 =5= - 5006 = 35 Vn
A
64000
m

B.4. Deferred Proofs

Proof [of Theorem 19] The construction is similar to Theorem 4. First, we consider an arbitrary enu-

: _ syl P(U . 2 N i i
merationof P(U) = {V!, ...VIPWanddefine g : P(U) — R?, g(V!) = (sm (ﬁ) ,COS (W))
Here, we refer to a vector a € R?" as a concatenation of n vectors in R2, a1, ...,a™ . Then, we

_ _ 6
define § = 1 — cos (W), €= and

i) _ ) gV)y =]
¢V, )" = { 0  otherwise

As aresult, for every V;, j it holds that

] 2 . 2
lp(V?, J)II—IIg(VWH‘\/ (2|P7T(IU)|) s(2|Pn(lU)|):
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Moreover, if ji # jo,

V', j1),d(V', j2)) =0

and if i > k,

(VL ), d(VE, )y =(g(V1), g(VF))

k i k
(2|P<U>|) (2|P<U>|) eos (2|P<U>|) o (2|P<U>|)

< cos ( d ) (cos is monotonic decreasing in [0, 7/2])
)

We notice that 0 < 6 < 1. Now, we consider an arbitrary enumeration of U = {vy, ...v \U| }, and define
the following sets ¥y, . . . ¥,, € R?" and the following two mappings o : R — P(U),a : R — U,

k
W= g(Vid) Vi Vi € U)

i=1

Note that, for every ¢ € W,
1 < 1<
=1~ Zl] (Vi jill < zlj lo (Vi jill < 1.
1= 1=
Then, for every a € R?" and j € [n], we denote the index g(a, j) € [|P(U)|] as
q(a, j) = argmax(g(V;),a'),

and define the following mapping o : R** — P(U),
n
o(a) = m Vata,j)-
j=1,a) 0
Moreover, for every a € R**, we denote the index p(a) € [|U]] as

p(a) = arg min{i :v; €o0(a)},

and define the following mapping « : R2 — U ,

| vy o(a)=0
a(a) = { vpija) ola)+0 °

Note that for every a € R>", a(a) € U, thus, ||a(a)|| < 1.
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Now, Let Vi,...,V, CU, k € [n] and ¢} = 1 3% ¢(V;,i). Then,
1 <& 1 <& 1 &
W, ;;cb(vi,i)) = (- ;sb(vi,i), ;;sb(vi,i»

k
_ %Zw(vm),as(w,i»
i=1

k
n2

For ¢ = % Zf.‘: L @(V!,i) such that ¢ # ¢, there exists a index r such that V; # V,. ,thus,

< 1S Is
W= D 6V = (> (Vi ~ > (Vi)
=1 i=1 i=1
1 k
= — D (Vi) $(V.i))
i=1
1 k
= E (1 _6+i—12i:#r 1)
< %(1 -6+k-1)
k o
Tw

RN .
= Wi~ Z‘ o (Vi ji)) — €
=
Furthermore, it holds that, % LoV, i)(l) = %g(Vi), thus,
(&)

k k
I (% Zl $(Vis 1), i) = argmax(g(V;), % Zl $(Vii) )

= arg max(g(V,), %g(Vi))

=1,
thus, we get,
1 &
s =0 (; Z; $(Vi, i))
n

- m Vst e v )

J=LESE eV 20

k

= ﬂ Vq(l S5 3 (Vii))) (The indices that are non-zero are j = 1, ..

j=1 )
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:ﬂvi

i=1

Then, assuming that ﬂf.‘zl Vi # 0, and let and m = arg min; {i : v; € ﬁle Vi}, p(a) = m and,

a(y’) =vm € (EW Vi.

i=1

Proof [of Theorem 21] First, £;°P is convex and 1-Lipschitz by the fact that £ = ¢, and Theorem 6.
Moreover, by Theorem 19, {’SGD is amaximum over 1-Lipschitz linear functions, thus, ZZSGD is convex
and 1-Lipschitz. Finally, €3SGD is a summation of two 1-Lipschitz linear functions, thus, €3SGD is

convex and 2-Lipschitz. Combining all together, we get the lemma. |

Proof [of Theorem 22] First, by union bound,
Pr(VZE [n] P,¢(Dand./tES,)Zl—Pr(EItPtz@OrJ,¢St)
n
>1-

t

> I_Z;Pr(Pt :0)—ZEPr(Pt #0andJ; ¢ S,)
t= 1=

Pr(P;=0or (P; # 0 and J; ¢ S;))
1

zl—ZPr(Pt :Q))—ZPr(Pt £ 0)Pr(J, ¢ S,|P; #0).

=1 t=1
Now, for every v € U,

r—1 t—1
Pr(ve (V) =1-Prve( |V)=1-¢6""<1-4",
i=1 i=1

and similarly,
Pr(vegS,)=1-(1-6)""<1-(1-6)"

Then,

Pr(P, =0)="Pr

i

i=1

t
=Pr(VveU;v¢ ﬂVi)
i=1
< (1=-8HUl,

Moreover, by the fact that for every ¢, P, is independent of V,,1, ...V,

Pr(P;#@)Pr(J,éSAP,#@)S 1—(1—6)n.
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Combining all of the above, we get that,

Pr(VtE [n] P,i@and.], ES;)
n n
=1- ) Pr(P =0)= ) Pr(P, #0)Pr(J; ¢ S|P, #0)
t=1 t=1

>1-n(1-6MY"-n1-=>1-8m.

Further, for § = -, by the fact that |U| > 215 = p4nlog(n) — n*",

s
|UI6" = n*"'n=247" > n?"47" > log(4n).
Therefore,

Pr(Vte[n|P,#0andJ; € S;) > 1—n(1 -6V —n(1-(1-6)"
> 1-ne” VIS _n(1-(1-no))

= )

1
>1--
B 4

1
4

Proof [of Theorem 24] First, differentiability can be derived immediately from Theorem 31. Second,
for 4-Lipschitzness, for every V € Z, we define /5P : RY — Ras f5P(w) := f5P(w, V). By the
5-Lipschitzness of f5SP with respect to its first argument and Jensen Inequality, for every x, y € R¥,
it holds that

Evesn (F30P0+7)) - Evesn (£ 0w +v)|
Evesn (/3P 0c+v) = [0y + )

< Evess (5 +v) = 500+ v))

<4lx —yl.

1P () = Pl =

Third, for convexity, by the convexity of fSOP for every x,y € R? and « € [0, 1],

3 (ax + (1= @)y) = Eyesn (% (ax + (1= a)y+)
= Eveon (P (@ +v) + (1= a)(y+v)))
< Evesn (afSP(+v) + (1= a) fr (v +))
= aEyeo (P +7)) + (1 =) (Evesn f% (v +))

= af$P ) + (1 - ) f5P(y).
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Proof [of Theorem 25] We assume that &’ (Eq. (22)) holds and prove Theorem 25 under this event.
We prove the claim by induction on ¢. For ¢ = 1, it is trivial. Now, we assume that w; = ;. First,
for %SGD and every w and V, by linearity of expectation,

1 1
B (w,V) = Eyess (<w<°’“ +v OV ——g(V, 1)) = (Zu, W + v<”>)
- 4n n3

1 1
=GP (w,V) + ((Eveégv(o’l), ~20V- 1) = (S, [EVE(?BV(])>)
= £655° (w, V)

Then, we derive that for every w, V%SGD(W, V)= Vf?GD(w, V). Now, for r € {1, 2} we show that in
each term f,SGD (wy, V;), the argument that gives the maximum value is the same as €,SGD (wy, Vo).

For ZISGD(W,, V:), in every t, by the proofs of Theorem 28, Theorem 29 and Theorem 23, the
maximal value is % Moreover, it can be observed that forevery k > 2, max, maxyev, (u, w,SGD (k) )y <
%. Then, by Theorem 33, and the hypothesis of the induction,

VI (45, V;) = VB (w,, V) = 0= VEP (w,, V).

Now, for ESGD, fort =1, Vt’ZSGD(wl, V1) = 0 and the maximum is attained uniquely in §; = 8%
(the second maximal value is zero). Then, we can apply Theorem 32 and by the hypothesis of the
induction, it follows that,

V@GD(V\H, Vl) = V@GD(Wl, Vl) =0= Vf;GD(Wl, Vl).

For every ¢t > 2, the maximum is attained uniquely in the linear term of k = ¢t — 1,u = u,_; and
Y =7 _, such that the difference between the maximal value the second largest value is larger than

%. Then, we can apply Theorem 34 and by the hypothesis of the induction, it follows that,

VEZSGD(Wt, Vt) = VEZSGD(W“ Vt) = Vf?GD(Wt, Vt)

In conclusion, we proved that V5P (v, V,) = V£SGP(w,,V,), thus, by the hypothesis of the
induction,
Wil = Wr — VfSGD(Wt’ Vz) =W — VfSGD(Wt, Vz) = Wil

Appendix C. Differentiability: Auxiliary Lemmas

Lemma 31 (Lemma 1 in Flaxman et al. (2005)) Let d and 6 > 0, B be the d-dimensional unit ball
and S be the d-dimensional unit sphere. Moreover, let Dy and Ds be the uniform distributions on
B, S respectively. If f(x) = E,-pg [f(x + 6v)], then,

V() = $Eap, [f(x + 6a)al

59



SCHLISERMAN SHERMAN KOREN

Lemma 32 Let d. Let B be the d-dimensional unit ball and Dy the uniform distributions on
B. Let {1 > & > 0, a function g : R — R and ay,...a; € B. Moreover, let h : B — R,
h(x) = g (max({1, maxj<,<j{a,,x)) and xo € B such that max <, <i{a,,xo) < {». We define
h(x) := Ey.py [A(x + 6v)]. Then, forany 0 < § < {1 — 2,

Vh(xg) =0,
h(xo) = g({1).

Proof First, for every r and v € B, by Cauchy-Schwartz Inequality,

(ar,x0+0v) = {a,,x0) +{a,,ov) < H+6 <)

Then,
max ({1, max {(a,,xo +ov)) = {1,
1<r<li
and
h(xo + 0v) = g(max({1, 1r£1;?l§l<ar,xo +ov)) =g({1).
As aresult,
h(x0) = Ey~pg [h(xo+6v)] = g(£1)
and by Theorem 31,

Vh(x0) = SEvo, [hxo + 67

d

= g[Eng [g (max(fl, gg;(élr,xo + 5V>) V]

d
= E[EWDS [g(Z1)v]

= $e({)Ev; [V

=0

Lemma 33 Letd and K. Let B be the dK -dimensional unit ball and Dy the uniform distributions on
B. Let &y > {» > 0and ay, ...a; € BE. Moreover, let g : BY — R, g(x) = max({, max<,<;{a,,x))

andh: B — R, h(x) = \|S& | g(x(0)2. Letx € Bsuchthatforevery k, max, <, <{a,, o) < &.
We define h(x) := E,.py [h(x +6v)]. Then, forany 0 < § < £ — &2,

Vh(xo) =0,
h(xo) = 1 VK.
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Proof First, for every k,r and u € B¢, by Cauchy-Schwartz Inequality,
(ar, x0® +6u) = (ar, xo®) + (ay, 6u) < HL+6 < &

Then,
g(xo(k) + ou) = max({y, lmaxl(ar,xo(k) +0u)) = {4,
<r<

and for every v € B,

K
h(xg +0v) = JZ g(max({1, flli‘i‘,<“”x0(k) +ov)y) = VK.

k=1

As aresult,
h(x0) = Eyopy [h(xo +6v)] = 1 VK.

Now, by Theorem 31,

Vii(x0) = Sy [(x0 + 0]

2

K

d

=2 E (k) (k) .
6[Ev~@§ Jk_l (max({l, 11‘2;'51;(1<ar,xO +ov(K)) v

= g v~Ds [flﬁv]

= §§1‘/1?[EV~D§ [v]
=0.

Lemma34 Letd LetB = BdG be the d-dimensional ball of radius G and Dy the uniform
distributions on B. Let | > (>, {3 > 0 and vectors ay, ...a; € B. Moreover, let h : B — R, h(x) =
max ({3, maxi<,<i{a,,x)) and xo € B, ro € [l] suchthat {a,,,xo) = {1 and max<,<y rzr,{ar,X0) <
&y, We define h(x) = Ey-p, [A(x + 6v)]. Then, for any 0 < § < % (&1 — max (&2, £3)),

h(x0) = {ary,x0)
VE(XO) =dr

Proof First, by Cauchy-Schwartz Inequality,

max | {3, max{a,, xo + 6v)) < max (53, max{a,, xy) + max{sv, a,)
r#ro r#ro r#ro

<max ({3, + GI)
<max ({3,0) +Go
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1
< 5((1 +max ({3, {2)) ,

and for rq,

1
<ar0’x0 + 6V> = <ar()’x0> + <6V, ar0> 2 Z;l - G6 > 5 (gl + max ({2’ §3)) *

We derive that for every v € B,
h(xo + 6v) = max | {3, 1maxl(a,,x +0v)| = {ap,x+v).
<r<

and that the maximum is attained in r. Then,

h(x0) = Ev~pg [h(xo +6v)]
= Ev-pg [(@rysx0 + V)]
= (dry, X0 + OE,~pgV)
= (ary,x0)

and by Theorem 31,

Vh(xg) = g[EVNZ)S lmax ((3, (1n<1a§l(ar,x0 + (5\/))) v}

d

- g[EV~Z)§ [(<ar0’x0 + 5\/)) V]

= <ar07x0>%l[Ev~D§ [v] + g[sz)g [(ary, 6v)v]
=0+dE,.pg [va] ar,

=dE,.pg [va] ar,

1
d

= dy,.

=d-lay,

Lemma 35 Letdandé > 0. Let f : R? — R be a G-Lipschitz function. Let B be the d-dimensional
unit ball. Moreover, let Dy be the uniform distributions on B. If f(x) = E,.p, [ f(x +6v)], then
for every x,

|f(x) = f(0)] < G
Proof By the fact that f is G-Lipschitz,
|F(x) = ) = [Evany Lf (x +6V)] = f(x)]
< |Evepg [f ()] + GOE,~pg + [IIVII] = f(x)]
= G5[EV~Z)B [HV”]
<GS
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. - 1
Appendix D. Lower bound of Q (mm (1, n_T))

In this section, we prove the (min (1, %)) lower bound. Since our hard construction for getting

this bound involves a deterministic loss function, GD is equivalent to SGD. For clarity, we refer in
our proof to the performance of GD, however, the same result is applicable also for SGD with 7" = n
iterations.

D.1. Construction of a non-differentiable loss function.

For d = max(257%T?, 1), we define the hard loss function fOFT : R4 — R, as follows,

FOPT(w) = max (0, lrg[adx]{% -wli] - —}]. (29)

For this loss function, we prove the following lemma,

Lemma 36 Assume n, T > 0,1 < #T Consider the loss function fOF7 that is defined in Eq. (29)

for d = max(25n*T?, 1). Then, for Unprojected GD (cf. Eq. (1) with W = R?) on fOFT initialized
at wi = 0 with step size n, we have,

(i) The iterates of GD remain within the unit ball, namely w, € B¢ forallt =1,...,T;

(ii) Forallm =1,...,T, the m-suffix averaged iterate has:

w17}

Algorithm’s dynamics We start by proving a lemma that characterizes the dynamics of the
algorithm.

FOTwrm) = O (W) = Q

Lemma 37 Assume the conditions of Theorem 36, and consider the iterate of Unprojected GD on
fOPT initialized at wi = O with step size n < #T Let w; be the iterate of Then, it holds that,

(i) Foreveryi € [d] and for everyt € [T],

1 < —
weli] € —
t 2\/3
(ii) Foreveryt € [T], there exists an index j; € [d] such that k # J;,
1 o1 nk n
— - — == > — —w[k] - —+—.
vd we[Ji] 4d>\/2 we k] 24 %4
(iii) For everyt € [T], j; also holds
va " a4 T osd
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Proof We prove by induction on . For ¢ = 1, w; = 0, thus,

1
2Vd

Moreover, the maximizer is j; = 1. Then, we notice that for both d = 1 and d = 257°T?,

n< # = 75 < \F Then, it holds that,

wili] =0 <

N LY A P
Va 4d = g 4
19
mV’
8d
and, for every k # ji,
1 nji_ 1 nk n(k—j1)
1 = — —wik] - = B2
Ay Ry SR Ry
1 nk n
> — — k
S Il Ry
1 k
> — —wk]-E+ L

k .
va " 4d " 8d

In the step of the induction we assume that the lemma holds for every s < ¢ and prove it for
s = t+ 1. By the hypothesis of the induction, we know that for every iteration s < ¢, ||w;||2 < 2, asa
result, we know that the projections does not affect the dynamics of the algorithm until the iteration
t. Moreover, we know that for every iteration s <  there exists an index j; € [d] such that the term
that achieve the maximum value in ws is ﬁ —ws[Js] — ﬂ This maximum is attained uniquely in j

by margin that is strictly larger than . As aresult, we derlve that, forevery s < ¢, Vf(w,) = —ej,.
Now, for every index m € [d], we deﬁne

=|{s<t:m=arg max{— —wgli] - n—i}}l.

ie[d] \/_
We get that, for every i it holds that,
wie [i] = nny.

Then,

et ll = > <,
i

and ,thus, there exists a entry k € [d] with w1 [k] < d Now, we prove the first part of the lemma

using this observation and the step of the induction. For every i # j;,

‘ .

weet[i] = we[i] <

9

2
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Otherwise, we know that, by the definition of j;

1 Lo 1 nk n
—w[i] _@+8d’

1 —@>@—w,[k]

wi [i] < wy [k] Jk=D

4d 8d
B
d 4
1 1
< ——
25Vd  20Vd
and,
west [i] < weli] +7
1 1 1
< + +
25Vd  20Vd  5Vd
< L
2Vd
where we again used the fact that < #T implies n < #3 for both d = 1 and d = 25,>T>.

For the second part of the lemma, we define J; C [d], J; = arg minj{n{} and j;+; = min{j € J;}
and show that j;, holds the required. We know, for every j # i € [d],

west [i] = west [] = n(nt = nl).

For k # j;+1 with ng‘ > nl™,

:Ld_wf“[k]_ﬂ—%+%
N
<%_Wt+l[ ]—%—g

in contradiction to the fact that j,;; gets the maximal value. For k # j;,; with nf > n{”' , it holds
that wey1[jr+1] < weri[k] — 1, and,

1 . ] 1 ]
ﬁ —West 1] = '74]&1 = ﬁ — Wit k] +1 = %
1 nk  n(k = jis1)
_\/3 weet [k] +7 4d+ ad
1 nk n
> 4 _ 1
=7 wir[k] +7 4d 4



SCHLISERMAN SHERMAN KOREN

1 nk n
>ﬁ_WH1[k] 4d Sd

as required. For the third part of the lemma, we know that for every i € [d],

. 1
——Wr+1[l]—n—d>7—g

5=

Proof of lower bound. Now we can prove Theorem 36.
Proof [of Theorem 36] The first part of the theorem is an immediate corollary from Theorem 37.
Moreover, by applying this lemma again, we know that, for every i € [d],

(1< —
w i]<——=,
T,m 2\/2
thus,
SO ) = FT ) 2 —= =T 0
,m x%) =
2Vd 4
LI
- 2Vd  20Vd
1
> —_—
4Vd
1 1
=m -, —
4" 20nT
|
D.2. Construction of a differentiable loss function.
In this section, we prove the lower bound for a smoothing of fOFT, defined as
FOPT(w) = E, cpa max (0, %{T - wli] - ovli] - (30)

namely, we prove the following lemma,

Lemma 38 Assume n, T > 0,1 < 5 \f Consider the loss function fOFT that is defined in Eq. (30)

ford = max(25n°T?, 1) and § = 16d' Then, for Unprojected GD (cf. Eq. (1) with W = R4) on fOFT,
initialized at w1 = 0 with step size n, we have,

(i) The iterates of GD remain within the unit ball, namely w, € B¢ forallt =1,...,T;
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(ii) Forallm =1,...,T, the m-suffix averaged iterate has:

w17}

First, we prove that the smoothing of the loss function does not affect the dynamics of the algorithm,
as stated in the following lemma,

FO wrm) = 7O (w.) = Q

Lemma 39 Under the conditions of Theorems 36 and 38, let w;, W, be the iterates of Unprojected
GD with step size n < ( and wi = 0, on fOPT and fOPT respectively. Then, for everyt € [T, it
holds that w; = W;.

Proof We proof the lemma by induction on . For ¢ = 1, we know that w; = Ww; = 0. Now, we
assume that w; = w,. By Theorem 37, we know that the maximum of the loss function is attained
uniquely with the property that the difference between the maximal value and the second maximal
value is larger then 8'(71 As a result, by the facts that f is 1-Lipschitz and ¢ = we can use

Theorem 34 for F (w;) and get that,

i/
16d°

VE(w;) = VE(w,) = VE(W,).
It follows by the hypothesis of the induction that,
Wil = Wr — VF(Wt) =Wy — VF(W,) = Wil
|

Now we can prove Theorem 38.

Proof [of Theorem 38] Let Wr_,, be the m-suffix average of GD when is applied on fOFT. Let
W, = argmin,, f OPT(W). By Theorem 39, we know that, wr ,, = Wr_,. Then, by Theorem 36 and
Theorem 35,

4\1/_ < fOPT(W m) _ OPT(W—)
= [ wrm) = OG0
< ];OPT(WT,m) +6— fOPT(W_*) +65
< fOwrm) +6 = O (wa) +6,

and,

FOPT FOPT n
o wrm) = (wa) 2 F_S_d
1 1

~4Vd 8Vd
1

\2

8vd

> min(=,

8" 40n T)
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