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Abstract

Adaptive gradient methods are typically used for training over-parameterized models capable of
exactly fitting the data; we thus study their convergence in this interpolation setting. Under an
interpolation assumption, we prove that AMSGrad with a constant step-size and momentum can
converge to the minimizer at the faster ()(1/7T") rate for smooth, convex functions. Furthermore, in
this setting, we show that AdaGrad can achieve an (J(1) regret in the online convex optimization
framework. When interpolation is only approximately satisfied, we show that constant step-size
AMSGrad converges to a neighbourhood of the solution. On the other hand, we prove that Ada-
Grad is robust to the violation of interpolation and converges to the minimizer at the optimal rate.
However, we demonstrate that even for simple, convex problems satisfying interpolation, the em-
pirical performance of these methods heavily depends on the step-size and requires tuning. We
alleviate this problem by using stochastic line-search (SLS) and Polyak’s step-sizes (SPS) to help
these methods adapt to the function’s local smoothness. By using these techniques, we prove that
AdaGrad and AMSGrad do not require knowledge of problem-dependent constants and retain the
convergence guarantees of their constant step-size counterparts. Experimentally, we show that these
techniques help improve the convergence and generalization performance across tasks, from binary
classification with kernel mappings to classification with deep neural networks.

1. Introduction

Adaptive gradient methods such as AdaGrad [10], RMSProp [38], AdaDelta [45], Adam [17], and
AMSGrad [33] are popular optimizers for training deep neural networks [12]. These methods scale
well and exhibit good performance across problems, making them the default choice for many
machine learning applications. Theoretically, these methods are usually studied in the non-smooth,
online convex optimization setting [10, 33] with recent extensions to the strongly-convex [29, 41,
44] and non-convex settings [8, 9, 19, 37, 42, 43, 48]. An online-batch reduction gives guarantees
similar to stochastic gradient descent (SGD) in the offline setting [5, 15, 18].

However, there are several discrepancies between the theory and application of these methods.
Although the theory advocates for using decreasing step-sizes for Adam, AMSGrad and its vari-
ants [17, 33], a constant step-size is typically used in practice [31]. Similarly, the standard analysis
of these methods assumes a decreasing momentum parameter, however, the momentum is fixed in
practice. On the other hand, AdaGrad [10] has been shown to be “universal” as it attains the best
known convergence rates in both the stochastic smooth and non-smooth settings [18], but its empir-
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ical performance is rather disappointing when training deep models [17]. Improving the empirical
performance was indeed the main motivation behind Adam and other methods [38, 45] that followed
AdaGrad. Although these methods have better empirical performance, they are not guaranteed to
converge to the solution with a constant step-size and momentum parameter.

Another inconsistency is that although the standard theoretical results are for non-smooth func-
tions, these methods are also extensively used in the easier, smooth setting. More importantly,
adaptive gradient methods are generally used to train highly expressive, large over-parameterized
models [20, 46] capable of interpolating the data. However, the standard theoretical analyses do
not take advantage of these additional properties. On the other hand, a line of recent work [6, 16,
21, 23, 26, 35, 39, 40, 43] focuses on the convergence of SGD in this inferpolation setting. In the
standard finite-sum case, interpolation implies that all the functions in the sum are minimized at the
same solution. Under this additional assumption, these works show SGD with a constant step-size
converges to the minimizer at a faster rate for both convex and non-convex smooth functions.

In this work!, we aim to resolve some of the discrepancies in the theory and practice of adaptive
gradient methods. To theoretically analyze these methods, we consider a simplistic setting - smooth,
convex functions under interpolation. Using the intuition gained from theory, we propose better
techniques to adaptively set the step-size for these methods, dramatically improving their empirical
performance when training over-parameterized models.

1.1. Background and contributions

Constant step-size. We focus on the theoretical convergence of two adaptive gradient methods:
AdaGrad and AMSGrad. For smooth, convex functions, Levy et al. [18] prove that AdaGrad with
a constant step-size adapts to the smoothness and gradient noise, resulting in an O(1/7 + ¢/vT)
convergence rate, where T is the number of iterations and ¢? is a global bound on the variance in
the stochastic gradients. This convergence rate matches that of SGD under the same setting [28].
In Section 3, we show that constant step-size AdaGrad also adapts to interpolation and prove
an O(1/T + ¢/yT) rate, where o is the extent to which interpolation is violated. In the over-
parameterized setting, 0 can be much smaller than ¢? [47], implying a faster convergence. When
interpolation is exactly satisfied, 02 = 0, we obtain an ()(1/7) rate, while ¢ can still be large. In the
online convex optimization framework, for smooth functions, we show that the regret of AdaGrad
improves from @(/T) to O(1) when interpolation is satisfied and retains its ((y/T)-regret guar-
antee in the general setting (Appendix C.2). Assuming its corresponding preconditioner remains
bounded, we show that AMSGrad with a constant step-size and constant momentum parameter
also converges at the rate (9(1/7) under interpolation (Section 4). However, unlike AdaGrad, it
requires specific step-sizes that depend on the problem’s smoothness. More generally, constant
step-size AMSGrad converges to a neighbourhood of the solution, attaining an O(1/1 + o?) rate,
which matches the rate of constant step-size SGD in the same setting [35, 39]. When training over-
parameterized models, this result provides some justification for the faster (O(1/7) vs. O(YVT))
convergence of the AMSGrad variant typically used in practice.

Adaptive step-size. Although AdaGrad converges at the same asymptotic rate for any step-size
(up to constants), it is unclear how to choose this step-size without manually trying different values.
Similarly, AMSGrad is sensitive to the step-size, converging only for a specific range in both the-
ory and practice. In Section 5, we experimentally show that even for simple, convex problems, the

1. Please refer to https://arxiv.org/abs/2006.06835 for the full version of the paper and to https://
github.com/IssamLaradji/ada_sls for the corresponding code.
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step-size has a big impact on the empirical performance of AdaGrad and AMSGrad. To overcome
this limitation, we use recent methods [23, 39] that automatically set the step-size for SGD. These
works use stochastic variants of the classical Armijo line-search [2] or the Polyak step-size [32] in
the interpolation setting. We combine these techniques with adaptive gradient methods and show
that a variant of stochastic line-search (SLS) enables AdaGrad to adapt to the smoothness of the
underlying function, resulting in faster empirical convergence, while retaining its favourable con-
vergence properties (Section 3). Similarly, AMSGrad with variants of SLS and SPS can match
the convergence rate of its constant step-size counterpart, but without knowledge of the underlying
smoothness properties (Section 4).

Experimental results. Finally, in Section 5, we benchmark our results against SGD variants
with SLS [40], SPS [23], tuned Adam and its recently proposed variants [22, 25]. We demonstrate
that the proposed techniques for setting the step-size improve the empirical performance of adaptive
gradient methods. These improvements are consistent across tasks, ranging from binary classifica-
tion with a kernel mapping to multi-class classification using deep neural network architectures.

2. Problem setup

We consider the unconstrained minimization of an objective f : R? — R with a finite-sum structure,
1

flw) = =37, fi(w). In supervised learning, n represents the number of training examples,
and f; is the loss function on training example . Although we focus on the finite-sum setting,
our results can be easily generalized to the online optimization setting. We assume f and each
fi are differentiable, convex, and lower-bounded by f* and f;, respectively. Furthermore, we
assume that each function f; in the finite-sum is L;-smooth, implying that f is Lax-smooth, where
Lpax = max; L;. We also make the standard assumption that the iterates remain bounded in a ball
of radius D around the global minimizer, ||wy — w*|| < D for all wy, [10, 18]. We include the
formal definitions of these properties [30] in Appendix A.

The interpolation assumption means that the gradient of each f; in the finite-sum converges
to zero at the optimum. If the overall objective f is minimized at w*, V f(w*) = 0, then for all
fi we have V f;(w*) = 0. The interpolation condition can be exactly satisfied for many over-
parameterized machine learning models such as non-parametric kernel regression without regular-
ization [3, 20] and over-parameterized deep neural networks [46]. We measure the extent to which
interpolation is violated by the disagreement between the minimum overall function value f(w*)
and the minimum value of each individual functions ff, 0% = E;[f(w*) — ff] € [0,00) [23].
Interpolation is said to be exactly satisfied if 0 = 0, and we also study the setting when o2 > 0.

For a preconditioner matrix Ay and a constant momentum parameter 5 € [0, 1), the update for

a generic adaptive gradient method at iteration k£ can be expressed as:
Wiy = Wi — Nk Ay'me 5 mg = Bmg_1 + (1= B)V fi, (wi) (1)

Here, V f;, (wy,) is the stochastic gradient of a randomly chosen function f;, , and 7y, is the step-size.
Adaptive gradient methods typically differ in how their preconditioners are constructed and whether
or not they include the momentum term $my_ 1 for a list of common methods). Both RMSProp and
Adam maintain an exponential moving average of past stochastic gradients, but as Reddi et al. [33]
pointed out, unlike AdaGrad, the corresponding preconditioners do not guarantee that Ay = Ay
and the resulting per-dimension step-sizes do not go to zero. This can lead to large fluctuations in
the effective step-size and prevent these methods from converging. To mitigate this problem, they
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proposed AMSGrad, which ensures Ag1 >~ Ay, and the convergence of iterates. Consequently, our
theoretical results focus on AdaGrad and AMSGrad.

Although our theory holds for both the full matrix and diagonal variants (where Ay, is a diagonal
matrix) of these methods, we use only the latter in experiments for scalability. The diagonal variants
perform a per-dimension scaling of the gradient and avoid computing the full matrix inverse, so their
per-iteration cost is the same as SGD, although with an additional ((d) memory. For AMSGrad, we
assume that the corresponding preconditioners are well-behaved in the sense that their eigenvalues
are bounded in an interval [ain, Gmax|. This is a common assumption made in the analysis of
adaptive methods. Moreover, for diagonal preconditioners, such a boundedness property is easy to
verify, and it is also inexpensive to maintain the desired range by projection.

3. AdaGrad

For smooth, convex objectives, Levy et al. [18] showed that AdaGrad converges at a rate (/T +
¢/VT), where (? = sup,, E;[||Vf(w) — Vfi(w)|/?] is a uniform bound on the variance of the
stochastic gradients. In the over-parameterized setting, we show that AdaGrad achieves the O(1/T)
rate when interpolation is exactly satisfied and a slower convergence to the solution if interpolation
is violated (Theorem 7 in Appendix C). This theorem shows that AdaGrad is robust to the violation
of interpolation and converges to the minimizer at the desired rate for any reasonable step-size. Al-
though this is a favourable property, the best constant step-size depends on the problem, and as we
demonstrate experimentally in Section 5, the performance of AdaGrad depends on correctly tuning
this step-size. To overcome this limitation, we use a conservative Lipschitz line-search that sets the
step-size on the fly, improving the empirical performance of AdaGrad while retaining its favourable
guarantees. At each iteration, this line-search selects the largest step-size 7y, that satisfies

Finwr, — MV fi (W) < fio(wi) — e ||V fi (wi) >, and iy, < g 2)

The resulting step-size is then used in the standard AdaGrad update in Eq. (1). Here, c is a hyper-
parameter determined theoretically and typically set to 1/2 in our experiments. The “conservative”
part of the line-search is the non-increasing constraint on the step-sizes, which is essential for con-
vergence to the minimizer when interpolation is violated. We refer to it as the Lipschitz line-search
as it is only used to estimate the local Lipschitz constant. Unlike the classical Armijo line-search for
preconditioned gradient descent, the line-search in Eq. (2) is in the gradient direction, even though
the update is in the preconditioned direction. The resulting step-size found is guaranteed to be in
the range [2(1=¢)/Lomax, Mk—1] [40] and allows us to prove the following theorem.

Theorem 1 Assuming (i) convexity and (ii) Ly ax-smoothness of each f;, and (iii) bounded iterates,
AdaGrad with a conservative Lipschitz line-search with ¢ = 1/2, a step-size upper bound myx and
uniform averaging converges at a rate

1
g-F@, wherea:<D2maX{
T \/T 2 TImax

Intuitively, the Lipschitz line-search enables AdaGrad to take larger steps at iterates where the
underlying function is smoother. In Section 5, we show that the line-search can improve the empiri-
cal convergence of AdaGrad. Moreover, if interpolation is exactly satisfied, we can obtain an O(1/7)
convergence without the conservative constraint 7 < 1751 on the step-sizes (Appendix C.3).

2
E[f(QDT) - f*] < aLmax} + 27]max> dLmax-
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4. AMSGrad and non-decreasing preconditioners

In this section, we consider AMSGrad and, more generally, methods with non-decreasing precon-
ditioners satisfying Ay = Ax_1. As our focus is on the behavior of the algorithm with respect to
the overall step-size, we make the simplifying assumption that the effect of the preconditioning is
bounded, meaning that the eigenvalues of Ay, lie in the [@min, Gmax] range. This is a common as-
sumption made in the analyses of adaptive methods [1, 33] that prove worst-case convergence rates
matching those of SGD. For our theoretical results, we consider the variant of AMSGrad without
bias correction, as its effect is minimal after the first few iterations. The proofs for this section are
in Appendix D and Appendix E.

The original analysis of AMSGrad [33] uses a decreasing step-size and a decreasing momen-
tum parameter. It shows an O (1//T) convergence for AMSGrad in both the smooth and non-smooth
convex settings. Recently, Alacaoglu et al. [1] showed that this analysis is loose and that AMSGrad
does not require a decreasing momentum parameter to obtain the O (1/v/T) rate. However, in prac-
tice, AMSGrad is typically used with both a constant step-size and momentum parameter. Next, we
present the convergence result for this commonly-used variant of AMSGrad.

Theorem 2  Under the same assumptions as Theorem 1, and assuming (iv) non-decreasing pre-

conditioners (v) bounded eigenvalues in the |amin, Gmax] interval, where k = amax/a.;,, AMSGrad

with B € [0, 1), constant step-size n = %2‘}4& and uniform averaging converges at a rate,

1+ B\ 2Lmax D2dk
11— 54 T o°.

When ¢ = 0, we obtain a O(1/T) convergence to the minimizer. However, when interpolation
is only approximately satisfied, we obtain convergence to a neighbourhood with its size depending
on 2. We observe that the noise o is not amplified because of the non-decreasing momentum (or
step-size). A similar distinction between the convergence of constant step-size Adam (or AMSGrad)
vs. AdaGrad has also been recently discussed in the non-convex setting [9]. Unfortunately, the final
bound is minimized by setting 51 = 0 and our theoretical analysis does not show an advantage of
using momentum. Note that this is a common drawback in the analyses of heavy-ball momentum
for non-quadratic functions in both the stochastic and deterministic settings [1, 11, 33, 36].

The constant step-size required for the above result depends on Lyax, Which is typically un-
known. Furthermore, using a global bound on L, ,x usually results in slower convergence since the
local Lipschitz constant can vary considerably during the optimization. To overcome these issues,
we use a stochastic variant of the Armijo line-search. Unlike the Lipschitz line-search whose sole
purpose is to estimate the Lipschitz constant, the Armijo line-search selects a suitable step-size in
the preconditioned gradient direction, and as we show in Section 5, it results in better empirical
performance. Similar to the constant step-size, when interpolation is violated, we only obtain con-
vergence to a neighbourhood of the solution. The stochastic Armijo line-search returns the largest
step-size 7, satisfying the following conditions at iteration k,

ELf(wr) — f°] g(

fir (W = ALY fir (i) < fi (W) — ene |V fi (wk)||,24;1 ;oand g < Mmax. B)

The step-size is artificially upper-bounded by mmax (typically chosen to be a large value). The
line-search guarantees descent on the current function f;, and 7y, lies in [2min (1=6)/Linax, Nimax]-
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Before considering techniques to set the step-size for AMSGrad including momentum, we
present the details of the stochastic Polyak step-size (SPS) Berrada et al. [4], Loizou et al. [23]
and Armijo SPS, our modification to the adaptive setting. These variants set the step-size as:

i) = Jiy fig,nmax}, Armijo SPS: nj — min § —J(k) ~ f;
c ||V fii (wr)| eIV fir (wi) [ -

Here, f;, is the minimum value for the function f;, .The advantage of SPS over a line-search is that
it does not require a potentially expensive backtracking procedure to set the step-size. Moreover,
it can be shown that this step-size is always larger than the one returned by line-search, which can
lead to faster convergence. However, SPS requires knowledge of f;" for each function in the finite-
sum. This value is difficult to obtain for general functions but is readily available in the interpolation
setting for many machine learning applications. Common loss functions are lower-bounded by zero,
and the interpolation setting ensures that these lower-bounds are tight. Consequently, using SPS
with f = 0 has been shown to yield good performance for over-parameterized problems [4, 23].
In Appendix D, we show that the Armijo line-search used for the previous results can be replaced
by Armijo SPS and result in similar convergence rates.

For AMSGrad with momentum, we propose to use a conservative variant of Armijo SPS that
sets Mmax = 7k—1 at iteration k ensuring that 7 < 7r_1. This is because using a potentially
increasing step-size sequence along with momentum can make the optimization unstable and result
in divergence. Using this step-size, we prove the following result.

s H/max

SPS: n;, = min {

Theorem 3 Under the same assumptions of Theorem I and assuming (iv) non-decreasing precon-
ditioners (v) bounded eigenvalues in the [amin, Gmax| interval with Kk = amwax/ay,;,, AMSGrad with
B € [0,1), conservative Armijo SPS with ¢ = 1+B/1—8 and uniform averaging converges at a rate,

2 2
E[f(wT) _f*] S(ijg) 2Lma;D d/{ 0_2'

The above result exactly matches the convergence rate in Theorem 2 but does not require knowl-
edge of the smoothness constant to set the step-size. Moreover, the conservative step-size enables
convergence without requiring an artificial upper-bound 7). as in Theorem 17. We note that a
similar convergence rate can be obtained when using a conservative variant of Armijo SLS ( Ap-
pendix E.2), although our theoretical techniques only allow for a restricted range of 3.

When A = I;, the AMSGrad update is equivalent to the update for SGD with heavy-ball
momentum [36]. By setting A, = I in the above result, we recover an O(1/T + o2) rate for SGD
(using SPS to set the step-size) with heavy-ball momentum. In the smooth, convex setting, our rate
matches that of [36]; however, unlike their result, we do not require knowledge of the Lipschitz
constant. This result also provides theoretical justification for the heuristic used for incorporating
heavy-ball momentum for SLS in [40]. We also explored a different heavy-ball momentum variant
(refer to Appendix E.1 for its connection to the momentum scheme above and Appendix E.3 for a
theoretical analysis).

5. Experimental evaluation

Synthetic experiment: We first present an experiment to show that AdaGrad and AMSGrad with
constant step-size are not robust even for simple, convex problems. We use their PyTorch implemen-
tations [31] on a binary classification task with logistic regression. Following the protocol of Meng
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Figure 1: Synthetic experiments showing the impact of step-size on the performance of AdaGrad,
AMSGrad with varying step-sizes, including the default in PyTorch, and the SLS variants.
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Figure 2: Comparing optimizers for multi-class classification with deep networks. Training loss
(top) and validation accuracy (bottom) for CIFAR-10, CIFAR-100 and Tiny ImageNet.

et al. [27], we generate a linearly-separable dataset with n = 10% examples (ensuring interpolation is
satisfied) and d = 20 features with varying margins. For AdaGrad and AMSGrad with a batch-size
of 100, we show the training loss for a grid of step-sizes in the [103, 10~3] range and also plot their
default (in PyTorch) variants. For AdaGrad, we compare against the proposed Lipschitz line-search
and Armijo SLS variants. As is suggested by the theory, for each of these variants, we set the
value of ¢ = 1/2. For AMSGrad, we compare against the variant employing the Armijo SLS with
c=1/2.2 and use the default (in PyTorch) momentum parameter of 5 = 0.9. In Fig. 1, we observe
a large variance across step-sizes and poor performance of the default step-size. The best perform-

2. This corresponds to the largest allowable step-size in Theorem 18 without momentum. Unfortunately, the values of ¢
suggested by the analysis incorporating momentum Theorem 3 are too conservative.
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ing variant of AdaGrad/AMSGrad has a step-size of order 102. The line-search variants have good
performance across margins, often better than the best-performing constant step-size.

Real experiments: Following the protocol in [23, 25, 40], we consider training standard neural
network architectures for multi-class classification on CIFAR-10, CIFAR-100 and variants of the
ImageNet datasets. For each of these experiments, we use a batch-size of 128 and compare against
Adam with the best constant step-size found by grid-search. We also include recent improved
variants of Adam; RAdam [22] and AdaBound [25]. To see the effect of preconditioning, we
compare against SGD with SLS [39] and SPS [23]. We find that SGD with SLS is more stable and
has consistently better test performance than SPS, and hence we only show results for SLS. We also
compared against tuned constant step-size SGD and similar to [39], we observe that it is consistently
outperformed by SGD with SLS.

For the proposed methods, we consider the combinations with theoretical guarantees in the
convex setting, specifically AdaGrad and AMSGrad with the Armijo SLS. For AdaGrad, we only
show Armijo SLS since it consistently outperforms the Lipschitz line-search. For all variants with
Armijo SLS, we use ¢ = 0.5 for all convex experiments (suggested by Theorem 18 and [39]). Since
we do not have a theoretical analysis for non-convex problems, we follow the protocol in [39] and
set ¢ = 0.1 for all the non-convex experiments. Throughout, we set 5 = 0.9 for AMSGrad. We also
compare to the AMSGrad variant with heavy-ball (HB) momentum (with v = 0.25).

We show a subset of results for CIFAR-10, CIFAR-100 and Tiny ImageNet and defer the rest
to Appendix G. From Fig. 2 we make the following observations, (i) in terms of generalization,
AdaGrad and AMSGrad with Armijo SLS have consistently the best performance, while SGD with
SLS is often competitive. (ii) the AdaGrad and AMSGrad variants not only converge faster than
Adam and Radam but also with considerably better test performance. AdaBound has comparable
convergence in terms of training loss, but does not generalize as well. (iii) AMSGrad momentum
is consistently better than the heavy-ball (HB) variant. Moreover, we observed that HB momentum
was quite sensitive to the setting of v, whereas AMSGrad is robust to 8. In Appendix G, we
include ablation results for AMSGrad with Armijo SLS but without momentum, and conclude that
momentum does indeed improve the performance. In Appendix G, we plot the wall-clock time for
the SLS variants and verify that the performance gains justify the increase in wall-clock time per
epoch. In the appendix, we show the variation of step-size across epochs, observing a warm-up
phase where the step-size increases followed by a constant or decreasing step-size [13].

In Appendix G, we also consider binary classification with RBF kernels for datasets from LIB-
SVM [7] and study the effect of over-parameterization for deep matrix factorization [34, 40]. We
show that the same trends hold across different datasets, deep models, deep matrix factorization,
and binary classification using kernels. Our results indicate that simply setting the correct step-size
on the fly can lead to substantial empirical gains, often more than those obtained by designing a dif-
ferent preconditioner. Furthermore, we see that with an appropriate step-size adaptation, adaptive
gradient methods can generalize better than SGD. By disentangling the effect of the step-size from
the preconditioner, our results show that AdaGrad has good empirical performance, contradicting
common knowledge. Moreover, our techniques are orthogonal to designing better preconditioners
and can be used with other adaptive gradient or even second-order methods.

6. Discussion

When training over-parameterized models in the interpolation setting, we showed that for smooth,
convex functions, constant step-size variants of both AdaGrad and AMSGrad are guaranteed to
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converge to the minimizer at (O(1/T") rates. We proposed to use stochastic line-search techniques to
help these methods adapt to the function’s local smoothness, alleviating the need to tune their step-
size and resulting in consistent empirical improvements across tasks. Although adaptive gradient
methods outperform SGD in practice, their convergence rates are worse than constant step-size SGD
and we hope to address this discrepancy in the future.
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A Setup and assumptions
B Line-search and Polyak step-sizes

C Proofs for AdaGrad

Step-size Rate Reference
Constant O(/T + o/VT) Theorem 7
Conservative Lipschitz LS O(YT +o/vT) Theorem 1
Non-conservative LS (with interpolation) oY) Theorem 15

D Proofs for AMSGrad and non-decreasing preconditioners without momentum

Constant oY1 + o?) Theorem 17
Armijo LS oY1 + o?) Theorem 18

E AMSGrad with momentum

Constant oY1 + o?) Theorem 2
Conservative Armijo LS oY1 + o?) Theorem 22
Conservative Armijo SPS oY1 + o?) Theorem 3

Proofs for AMSGrad with heavy ball momentum

Constant oY1 + o?) Theorem 25
Conservative Armijo LS oY1 + o?) Theorem 27
Conservative Armijo SPS oY1 + o?) Theorem 26

F Experimental details

G Additional experimental results
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Table 1: Summary of notation

Concept Symbol Concept Symbol
Iteration counter, maximum k,T General preconditioner Ay
Iterates, minimum wy,, w* Preconditioner bounds  [amin, Gmax]
Step-size Nk Maximum smoothness Ly ax
Function value, minimum flw), f* Dimensionality d
Stoch. function value, minimum  f;(w), f Diameter bound D
Variance o2 = E;[fi(w*) — f7]

Appendix A. Setup and assumptions

We restate the main notation in Table 1. We now restate the main assumptions required for our
theoretical results
We assume our objective f : R? — R has a finite-sum structure,

fw) = > Jitw), 4)

and analyze the following update, with i, selected uniformly at random,
W1 = wi — Nk Ay 'm0 my = Bmg_1 + (1 — B)V fi, (wy,) (Update rule)

where 7 is either a pre-specified constant or selected on the fly. We consider AdaGrad and AMS-
Grad and use the fact that the preconditioners are non-decreasing i.e. Ay = Ap_1. For AdaGrad,
B = 0. For AMSGrad, we further assume that the preconditioners remain bounded with eigenvalues
in the range [amin, Gmax)»

Omind = Ag = amax!. (Bounded preconditioner)

For all algorithms, we assume that the iterates do not diverge and remain in a ball of radius D, as is
standard in the literature on online learning [10, 18] and adaptive gradient methods [33],

|w, — w*|| < D. (Bounded iterates)

Our main assumptions are that each individual function f; is convex, differentiable, has a finite
minimum f;°, and is L;-smooth, meaning that for all v and w,

fi(v) > fi(w) = (V fi(w), w —v), (Individual Convexity)
fi(v) < fi(w) + (V fi(w), v —w) + % v —wl|?, (Individual Smoothness)

which also implies that f is convex and L,,x-smooth, where L.y is the maximum smoothness
constant of the individual functions. A consequence of smoothness is the following bound on the
norm of the gradient stochastic gradients,

IV fi(w)I* < 2Lumax(fi(w) = f7).
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To characterize interpolation, we define the expected difference between the minimum of f, f(w*),
and the minimum of the individual functions f;",

o = E[fi(w") = f{] < oc. (Noise)

When interpolation is exactly satisfied, every data point can be fit exactly, such that f* = 0 and
f(w*) =0, we have 02 = 0.
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Appendix B. Line-search and Polyak step-sizes

We now give the main guarantees on the step-sizes returned by the line-search. For simplicity of
presentation, we assume that the line-search returns the largest step-size that satisfies the constraints.
The implementation uses a backtracking search to find a step-size that satisfies the constraints.

When interpolation is not exactly satisfied, the procedures need to be equipped with an addi-
tional safety mechanism; either by capping the maximum step-size by some 7,5 Or by ensuring
non-increasing step-sizes, N < Mr—1. In this case, nyax ensures that a bad iteration of the line-
search procedure does not result in divergence. When interpolation is satisfied, those conditions
can be dropped (e.g., setting Nmax — 00) and the rate does not depend on 7yax. The line-searches
depend on a parameter ¢ € (0, 1) that controls how much decrease is necessary to accept a step
(larger ¢ means more decrease is demanded).

The Lipschitz and Armijo line-searches select the largest 1 such that

fi(w =V fi(w)) < fi(w) —cn Hsz(w)H2 , 7 < Nmaxs (Lipschitz line-search)
fi(w —nATIV f;(w)) < fi(w) — en HVfi(w)Hi_l , 7 < NDmax- (Armijo line-search)
Lemma 4 (Line-search) If f; is L;-smooth, the Lipschitz and Armijo lines-searches ensure
1 . _ 2(1—c
77||Vf2(w)||2 < E(fz(w) _fi )7 and mln{nma)u(L')} <1 < Nmax;
]‘ * . 2 )\min A 1 — C
DIVA@E < Hw) = 7). and min {22 DO <<

Proof [Proof of Theorem 4]
Recall that if f; is L;-smooth, then for an arbitrary direction d,

L.
filw = d) < fi(w) = (Vfiw),d) + - [d]]*.
For the Lipschitz line-search, d = nV f;(w). The smoothness and the line-search condition are then

Smoothness: filw —nV fi(w)) — fi(w) < (%TIQ - 77) ||Vfi(w)||2»
Line-search: filw —nV fi(w)) — fi(w) < —en vaz‘(w)HQ-

As illustrated in Fig. 3, the line-search condition
is looser than smoothness if

(57 =) IV ()| < —en |V i (w) >

Smoothness:
filw) + (5n? = )|V fi(w)]|?

Line search:

fi(w) = enl|V fi(w)|?

2(1—c¢)

The inequality is satisfied for any n € [a,b], 7~ 0 n=77
where a, b are values of 7 that satisfy the equa-Figure 3: Sketch of the line-search inequalities.
tion with equality, a = 0,b = 2(1-¢)/L,, and the

line-search condition holds for n < 2(1—-¢)/L,.
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As the line-search selects the largest feasible step-size, n > 2(1-¢)/L,. If the step-size is capped
at Mmax, We have 7 > min{nmax, 2(1-)/L;}, and the proof for the Lipschitz line-search is com-
plete. The proof for the Armijo line-search is identical except for the smoothness property, which is
modified to use the ||-|| ,-norm for the direction d = nA~1V f;(w);

filw — ATV fi(w)) < fi(w) = n(V fi(w), ATV f;(w)) + ET}2 HAilVfi(w)sz

< fi(w) = ||V fi(w) |51 + mn 2NV fi(w)[5-

= piwr+ (g - n) IV A

where the second inequality comes from || A~V f;(w)||* < o 1V fi(w A |

mln

Similarly, the stochastic Polyak step-sizes (SPS) for f; at w are defined as

SPS: n_mm{cHsz( )H2,nmax , Armijo SPS: 7 mln{cuvfi(w)ui_l,nmax}7

where the parameter ¢ > 0 controls the scaling of the step (larger ¢ means smaller steps).

Lemma 5 (SPS guarantees) If f; is L;-smooth, SPS and Armijo SPS ensure that

SPS: VAW < 20w) = £, min { e 207 <0 s

Armijo SPS: - |V fi(w)|- € L(fiw) = £7), min {nmax 2552 < 0 < i

Proof [Proof of Theorem 5] The first guarantee follows directly from the definition of the step-size.
For SPS,

M’UW} IV i ()|,

:mln{fZ( ) f*,nmaxnvfl( )H } ( ( ) fz)

01 fiw) 2 = min{

The same inequalities hold for Armijo SPS with ||V f;(w)||%_1. To lower-bound the step-size, we
use the L;-smoothness of f;, which implies f;(w) — f > 2%1 |V f;(w)||. For SPS,

)

filw) = f7 s IVA@)® 1
eIV fiw)* c||VfZ-<w>||2 2cLi;

For Armijo SPS, we additionally use ||V fi(w)||% -1 S -] HVfZ w)|)?,
flw) = fF f IVAE@IF Apin(A)
V)5 extay IVA@)I® 2eLi

mln
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Appendix C. Proofs for AdaGrad

We now move to the proof of the convergence of AdaGrad in the smooth setting with a constant
step-size (Theorem 7) and the conservative Lipschitz line-search (Theorem 1). We first give a rate
for an arbitrary step-size 7 in the range [9min, 7Jmax|> and derive the rates of Theorems 1 and 7 by
specializing the range to a constant step-size or line-search.

Proposition 6 (AdaGrad with non-increasing step-sizes) Assuming (i) convexity and (ii) Ly ax
smoothness of each f;, and (iii) bounded iterates, AdaGrad with non-increasing (ng < Mg_1),

bounded step-sizes (N € [Nmin, Mmax)), and uniform averaging wr = % > p_qwg, converges at

a rate

D2

Thmin

2
E[f(wT) - f ] where o = ;( + 277max> dLmax.

L Voo
o

We first use the above result to prove Theorems 1 and 7. The proof of Theorem 7 is immediate by
plugging 7 = Nmin = 7Mmax in Theorem 6.

H\Q

Theorem 7 (Constant step-size AdaGrad) Assuming (i) convexity and (ii) Ly ax-smoothness of
each f;, and (iii) bounded iterates, AdaGrad with a constant step-size 1) and uniform averaging such
that wp = % Y k_1 Wk, converges at a rate

a \f ao
T VT

For Theorem 1, we use the properties of the conservative Lipschitz line-search. We recall its
statement;

E[f(wr) — f7] <

Theorem 1 Assuming (i) convexity and (ii) Lmax-smoothness of each f;, and (iii)
bounded iterates, AdaGrad with a conservative Lipschitz line-search with ¢ = 1/2,
a step-size upper bound Ny ax and uniform averaging converges at a rate

E[f(wr) — f*] < =4 @, where o = ;(DQmaX{,

2
Linax ¢ + 2Mmax | dLmax-
T o} 42

Proof [Proof of Theorem 1] Using Lemma 4, there is a step-size 7 that satisfies the Lipschitz
line-search with 7y, > 2(1=¢)/L,.,. Setting ¢ = 1/2 and using a maximum step-size 7yax, we have

. 1 1 1
min {nmaXa L} < Mk < Nmax, — = max {> Lmax} .
max

Before going into the proof of Theorem 6, we recall some standard lemmas from the adaptive
gradient literature (Theorem 7 & Lemma 10 in [10], Lemma 5.15 & 5.16 in [14]), and a useful
quadratic inequality [18, Part of Theorem 4.2]). We include proofs in Appendix C.1 for complete-
ness.
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Lemma 8 If the preconditioners are non-decreasing (A = Ag_1), the step-sizes are non-
increasing (i, < ni—1), and the iterates stay within a ball of radius D of the minima,

T 2 2
> k=1 llwr = w*HﬁAk‘nkl_lAk—l < D-Tr(Ar).

1/2
Lemma9 For AdaGrad, Ay, = [Z§:1 V fi, (wi)V fi,, (wk)T} and satisfies,

S IV i w)lPs < 2Tr(Ar), Tr(Ar) < \Ja S IV fiy (we)|

Lemma 10 [f2? < a(x +b)fora > 0andb > 0,

r < ( a2—|—4ab+a> < a+Vab.

N | =

We now prove Theorem 6.
Proof [Proof of Theorem 6] We first give an overview of the main steps. Using the definition of the
update rule, along with Theorems 8 and 9, we will show that

25211V iy (w0, g = w7 < (722 + 2 ) T(A7). 5)

TImin

Using the definition of A7, individual smoothness and convexity, we then show that for a constant
a7

S Bl w0~ 1< oS fiulwn) - fu )] +70%), ©

Using the quadratic inequality (Theorem 10), averaging and using Jensen’s inequality finishes the
proof.
To derive Eq. (5), we start with the Update rule, measuring distances to w* in the [|-|| ,, norm,

* 2 *
lwrgr = w5, = ok — w5, = 2m(V fir (wi), wx — w*) + 0 Hsz'k(wk)Hik—l :

Dividing by 7y, reorganizing the equation and summing across iterations yields

T T T
2 (Vi (wr),wp —w*) <Y flwy — w*IIQ(%_Ak_l) + > IV i (w1
k=1 k=1

Mk  Mk—1 k=1
T T
2 2

<> fwg = w Ay A +77maxZHsz‘k(wk)HA;1-

k=1 Mk Mk—1 k=1

We use the Lemmas 8, 9 to bound the RHS by the trace of the last preconditioner,

D2
< —Tr(A7) + 29max Tr(A7), (Theorems 8 and 9)

nr

D2

< <?7 ] + 277max) Tr(AT> Mk 2 Nmin)
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To derive Eq. (6), we bound the trace of Ap using Theorem 9 and Individual Smoothness,

Tr(Ar) < \/&\/ZZZI IV fi, (w) ||, (Theorem 9, Trace bound)
< V2dLmax \/ 25:1 fi,(wr) = f . (Individual Smoothness)
< VI Sy Fi () = fiy (%) + fiy (%) = £ (i (7))
Combining the above inequalities with d;, = f;, (w*) — f; and a = %( o=+ 20max) v2d Linax,

S (Vi () — w*) < ay/ I fi () — fi () + 6,

Using Individual Convexity and taking expectations,

S Bl — 1< 0 [\ EL fuon) — filw) + 8|

a\/E [Z;‘g:l fi (wi) — fi, (w*) + 6ik:| ) (Jensen’s inequality)

Letting 02 := E;[0;] = Ei[fi(w*) — f7] and taking the square on both sides yields

T 2
(ZE[f(wk)_ *> ( [Zfzk wk fzk ) +T(72>.
k=1

The quadratic bound (Theorem 10) 22 < a(x + 3) implies = < a + v/af, with

T 2

. 1 1

v=) Elftw) =[], a=3 (D??7 — + 2nmax) dlmax, B =To?
k=1 min

gives the first bound below. Averaging wr = %Z;}Lﬂ”k and using Jensen’s inequality give the
result;

S Ef(u) - fl<atvah =  Elfaor) - ;<& Yoo
Pt T

H\Q
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C.1. Proofs of adaptive gradient lemmas

For completeness, we give proofs for the lemmas used in the previous section. We restate them
here;

Lemma 11 If the preconditioners are non-decreasing (Ay = Ay_1), the step-sizes are
non-increasing (n; < nip_1), and the iterates stay within a ball of radius D of the
minima,

T 2 D2
Zk:l ”wk - w*HnikAk*nkl_lAkfl < TziTTr(AT)

Proof [Proof of Theorem 8] Under the assumptions that Aj is non-decreasing and 7y is non-

increasing, iAk - Ag_1 = 0, so we can use the Bounded iterates assumption to bound
Nk Mk—1

T 2 T A A 2
S Mo = w Iy sy S S Amax (5 — 252 llwg — |
Mk Me—1

S D2Z£:1 )\max<& - £>

Tk Me—1

We then upper-bound A .« by the trace and use the linearity of the trace to telescope the sum,
2 \~T A A1) _ p2 T A\ _ Ap—1
<D Zk:l Tr(ﬁk Nk—1 ) =D Zk:l Tr<77k> Tr(”’“*l >’

— D? (Tr(%) - Tr<%)) < D*LTr(Arp)

1/2
Lemma 12 For AdaGrad, Ay, = [Zle V fi,. (we)V fi, (wk)—r} and satisfies,

Yot IV Fi (w0 < 2Tr(Ar),  Tr(Ar) < \/de21 IV fir (wi) |12

Proof [Proof of Theorem 9] For ease of notation, let V, := V f;, (wy). By induction, starting with
T=1,

IV fis (i)l = VT ATV = Te(VI ATV ) = Te (47 V9],
(Cyclic property of trace)
= Tr(A]'A2) = Tr(Ay). (41 = (V1V])'"?)

Suppose that it holds for T'— 1, E;{:—ll | Vi ”124*1 < 2Tr(Ap_1). We will show that it also holds for
k
T'. Using the definition of the preconditioner and the cyclic property of the trace,

ST Vi (wk)||?4;1 <2Tr(Ap—1) + HVT”Z;l (Induction hypothesis)

= 2Tr((A% — V5 2) + Tr (A;lvTV; ) (AdaGrad update)
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We then use the fact that for any X > Y > 0, we have [10, Lemma 8]
2Tr((X - Y)1/2> T (X_1/2Y> < 2Tr<X1/2>.

As X = A?F =Y = VTV¥ > 0, we can use the above inequality and the induction holds for 7T'.

For the trace bound, recall that Ar = GIT/2 where G = Zszl V fi, (W) V fi, (wy)". We use
Jensen’s inequality,

Tiar) = To(6") = S, VTG = d(§ i VATGT),
<dy/5 L, \(Gr) = VA Tr(Gr).

To finish the proof, we use the definition of G and the linearity of the trace to get

VTG =[S %) = S W) = 5L WP

Lemma 13 If 2% < a(z +b) fora > 0 and b > 0,

1
x§§< a2—|—4ab—|—a) < a+ Vab.

Proof [Proof of Theorem 10] The starting point is the quadratic inequality 22 —ax —ab < 0. Letting
r1 < ry be the roots of the quadratic, the inequality holds if « € [ry, r2]. The upper bound is then

given by using va + b < v/a + Vb

Vva?+4 24+ V4
a+ a2+ abga%—\/a»;- ab:a+\/%‘

o =

C.2. Regret bound for AdaGrad under interpolation

In the online convex optimization framework, we consider a sequence of functions fk|£:1, chosen
potentially adversarially by the environment. The aim of the learner is to output a series of strategies
wk|£:1 before seeing the function fi. After choosing wy, the learner suffers the loss fx(wy) and
observes the corresponding gradient vector V f(wy). They suffer an instantaneous regret r, =
fr(wg) — fr(w) compared to a fixed strategy w. The aim is to bound the cumulative regret,

T

R(T) = [fu(wy) = fr(w")]

k=1

where w* = arg min Z;‘g:l fr(w) is the best strategy if we had access to the entire sequence of
functions in hindsight. Assuming the functions are convex but non-smooth, AdaGrad obtains an
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o/ \/T) regret bound [10]. For online convex optimization, the interpolation assumption implies
that the learner model is powerful enough to fit the entire sequence of functions. For large over-
parameterized models like neural networks, where the number of parameters is of the order of
millions, this is a reasonable assumption for large 7T'.

We first recall the update of AdaGrad, at iteration k, the learner decides to play the strategy wg,
suffers loss f(wy) and uses the gradient feedback V fi(wy,) to update their strategy as

-1 k T 1/2
Wh4+1 = W — nAk ka(wk), where Ak = Zi:l ka (wk)ka(wk.) ] .

Now we show that for smooth, convex functions under the interpolation assumption, AdaGrad with
a constant step-size can result in constant regret.

Theorem 14 For a sequence of Lyax-smooth, convex functions fi, assuming the iterates remain
w*|| < D, AdaGrad with a constant step-size 1 achieves the

following regret bound,

1 1 2 1 1 2
R(T) < 3 <D2 + 217) dLmax - \/ 3 (D2 + 217) dLmax02 VT
n n

where o2

is an upper-bound on f,(w*) — f.

Observe that o2 is the degree to which interpolation is violated, and if % # 0, R(T) = O(V/T)
matching the regret of [10]. However, when interpolation is exactly satisfied, 02 = 0, and R(T) =
o).

Proof [Proof of Theorem 14] The proof follows that of Theorem 6 which is inspired from [18]. For
convenience, we repeat the basic steps. Measuring distances to w* in the [|-[| ,, norm,

* (12 * (12 * 2
lwig1r — w13, = llwe —w* |5, = 20(V fr(wr), wy, — w*) +7° IV froCwope) [

Dividing by 27, reorganizing the equation and summing across iterations yields

\)

T2n

T T T
77

D AV fulwe), wy, —w*) <> Jlw —W*||2< LA + o> IV fr(wy HA—

k=1 k=1 2 k=1

By convexity of fi, (V fi(wg), wr, — w*) > fr(wg) — fr(w*). Using the definition of regret,

T T
2 77
SZIIwk—w*II(ﬂ_Ak . §Z||ka wy, HA 1
k=1 k=1

2n 2n

We use the Lemmas 8, 9 to bound the RHS by the trace of the last preconditioner,
2

R(T) < (l;n + n) Tr(Az).
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We now bound the trace of A using Theorem 9 and Individual Smoothness,

Tr(Ar) < \/a\/ZZ:I IV e (wi) |2, (Theorem 9, Trace bound)
< \/2dLmaX\/Zg:1 fr(wr) — fF, (Individual Smoothness)
< v 2dLmaX\/Z{:1 fk(wk) - fk(w*) + fk(w*) - f];kv (ifk(w*))
< \/2dLyaxVR(T) + 02T. (Since fi(w*) — f¥ < 0?)

Plugging this back into the regret bound,

2
R(T) < (12)17 n n) /2L /BT + 07T,

Squaring both sides and denoting a = <?—; + 77) V2d L ax,
[R(T))? < a*[R(T) + o*T).

Using the quadratic bound (Theorem 10) 22 < a(x + 3) implies = < o + /a3, with
1/ 51 >
= R(T), o=y <D2 + 2n> dLax. B = o’T,
n

yields the bound,

1 1 . 1 1 >
R(T) <a+ vV P = 5 (D277 + 277) dLmax + \/2 <1)277 + 277) dLmaxUQT-
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C.3. With interpolation, without conservative line-searches

In this section, we show that the conservative constraint 7,41 < 7 iS not necessary if interpolation
is satisfied. We give the proof for the Armijo line-search, that has better empirical performance,
but a worse theoretical dependence on the problem’s constants. For the theorem below, anin is
lower-bounded by ¢ in practice. A similar proof also works for the Lipschitz line-search.

Theorem 15 (AdaGrad with Armijo line-search under interpolation) Under the same assump
tions of Theorem 6, but without non-increasing step-sizes, if interpolation is satisfied, AdaGrad
with the Armijo line-search and uniform averaging converges at the rate,

2 2 \2 2
Blg(or) - 1) < (2 D) Ol (1 L}

Thmax Qmin

where apin = ming{ Amin(Ag) }-

Proof [Proof of Theorem 15] Following the proof of Theorem 6,

T

T
2 2
2D (Vi (we),w = w*) = Y ok — w3, — lwken — w5, + 02 119 w5 -
k=1 k=1

On the left-hand side, we use individual convexity and interpolation, which implies f;, (w*) =
min,, f;, (w) and we can bound 7 by 7min, giving

MV fir, (wi), we — w*) > mg (fiy, (wi) — fir, (")) > Mnin (fiy, (wi) — fir,(w")).
>0

On the right-hand side, we can apply the AdaGrad lemmas (Theorem 9)

M=

= w|%, = lwrer = w12, + a [V i ()5
1

D2Tr(Ar) + 202, Tr(A7), (By Theorems 8 and 9)
<(D? +2n2,.4) J&\/Zg:1 IV fir, (w) ||, (By the trace bound of Theorem 9)
<(D? + 20) VI L Sy i (w00) — fi ().

(By Individual Smoothness and interpolation)

IN T

Defining a = 2771111in (D? + 2n2,.x) V2dLax and combining the previous inequalities yields

T

S Ui (wn) = fin(w7)) < ay/ Sy fi (wn) = fi ().

k=1

Taking expectations and applying Jensen’s inequality yields

ST ELF(w) — f(w)] < ay/ S BIf (wr) — f(w)].

25



ADAPTIVE GRADIENT METHODS CONVERGE FASTER WITH OVER-PARAMETERIZATION

Squaring both sides, dividing by Z;‘::l E[f(wy) — f(w™*)], followed by dividing by 7" and applying
Jensen’s inequality,

2 (D*+ 202 ) “dLmax

IS (0r) = f(w)] £ 7 =5 27

Using the Armijo line-search guarantee (Theorem 4) with ¢ = 1/2 and a maximum step-size 7max,

. Amin
Thmin = M § Tmax, 7 (¢ >
LmaX
where @iy = ming{ Anin (Ax)}, giving the rate

2
(D2 + 277r2nax) dLmaX 1 Lmax 2
oT max E— .

E[f(wr) — f(w*)] <

Thmax @min
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Appendix D. Proofs for AMSGrad and non-decreasing preconditioners without
momentum

We now give the proofs for AMSGrad and general bounded, non-decreasing preconditioners in the
smooth setting, using a constant step-size (Theorem 17) and the Armijo line-search (Theorem 18).
As in Appendix C, we prove a general proposition and specialize it for each of the theorems;

Proposition 16 In addition to assumptions of Theorem 7, assume that (iv) the preconditioners
are non-decreasing and have (v) bounded eigenvalues in the [amyin, Gmax| range. If the step-sizes
are constrained to lie in the range [Nmin, max) and satisfy

M IV fi (wk)Hi;l < M(fi, (wg) — fi),  for some M < 2, (7)

using uniform averaging wr = % Zfil wy, leads to the rate

1 D2damax < 2 TImax 1) 2

g .
2_jw’nmin

Theorem 17  Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precon-
ditioners (v) bounded eigenvalues in the [amin, Gmax] interval, AMSGrad with no momentum,
constant step-size ) = 57"~ and uniform averaging converges at a rate,

" 2D2d Gmax Lmax
Elf(wr) = f] < +o%.

Amin T’

Proof [Proof of Theorem 17] Using Bounded preconditioner and Individual Smoothness, we have
that

1 2Lmax

IV fir (wp) I < =

Gmin min

(fir, (wr) — fiy)-

2
I fiy (wr) 1 <
A constant step-Size Mmax = Nmin = 2‘2‘2:){ satisfies the step-size assumption (Eq. 7) with M =1 and

l DQdCLmax 2 TImax 1 0_2 _ lm X 02
T (2 — M )Nmin 2 — M Nin T Qmin ’

Theorem 18 Under the same assumptions as Theorem 7, AMSGrad with zero momentum, Armijo

line-search with ¢ = 3/4, a step-size upper bound Nmax and uniform averaging converges at a rate,
1 2L

+ 377maX02> max { , m} .

Thmax  Qmin

3D2d - Gpax
2T

ELf(or) - 7] g(

Proof [Proof of Theorem 18] For the Armijo line-search, Theorem 4 guarantees that

1 2 Anmin(4x) (1 —¢)

n valk (wk)Higl < E(fzk (wk) - fzi)? and min {nma)o I,

} <1 < Nmax-
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Selecting ¢ = 3/4 gives M = 4/3 and i, = min {nmax, Q‘IL%}, SO

1 Dzdamax ( 2 Thmax 1> 2
= —1)o
T (2 - M)nmin 2-M Tmin
_ l D2damax 4 2 Thmax 1 0_27
T (2 - 4/3)77min 2 — 4/3 Thmin
. l 3D2damax + <37]max . 1> 0_2’

T 27 min
1 2Lmax}

3D?damax 1 2Lpax
< aamax{ a} +377max02 maX{ ’

S >
2T Thmax  Qmin Thmax  OGmin

Thmin

Theorem 19 Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precon-
ditioners (v) bounded eigenvalues in the [amin, Gmax] interval, AMSGrad with no momentum,
Armijo SPS with ¢ = 3/4 and uniform averaging converges at a rate,

3D%d - Gmax 2 1 3Lmax
— _ * < - o 3 — .
E[f(wr) — f7] _( oT + SMmax0” | Max Nmax  2@min

Proof [Proof of Theorem 3] For Armijo SPS, Theorem 5 guarantees that

Qo
y d i vaﬁ < <mx-
fi), an mm{na 50 }_77_77&

1k
max

M IV iy )Py < - (o)

Selecting ¢ = 3/4 gives M = 4/3 and nin, = min {nmax, gz’mi“ }, SO
max

1 DQdamax +( 2 Tmax 1>O’2
T (2 - M)'r/min 2-M T)min
1 D 2damax < 2 Thmax 1> 2
= — —_ g y
T (2 - 4/3)77min 2 — 4/3 Thmin
18D%an (3nmax ) 1) -
T 277min

3D?damax 1 3Lmax
< 07 max max { , e } + 377maxa2 max {
2T Nmax  20min

Thmin

1 3Lmax }

)
Nmax  20min

Before diving into the proof of Theorem 16, we prove the following lemma to handle terms of
the form n(fi, (wi) — fi, (w*)). If n; depends on the function sampled at the current iteration,
fiy.» as in the case of line-search, we cannot take expectations as the terms are not independent.

Theorem 20 bounds 7 ( fi, (wx) — fi, (w*)) in terms of the range [Mmin, Tmax)s
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Lemma 20 If 0 < nmin < 1 < Nmax and the minimum value of f; is f;, then

n(fi(w) = fi(w*)) = Mmin(fi(w) = fi(w™)) = (max — Mmin) (fi(w*) = £7)-

Proof [Proof of Theorem 20] By adding and subtracting f;*, the minimum value of f;, we get a non-
negative and a non-positive term multiplied by . We can use the bounds 1 > Npin and 7 < Nmax
separately;

nlfi(w) = fitw)] = nlfi(w) = fi + fi = filw")],

-~

>0 <0
> nmln[fl(w) - fz*] + nmax[fi* - fz(w*)]
Adding and subtracting 7, fi (w*) finishes the proof,

= Nuin[fi(w) — fi(w™) + filw") = ]+ Mmax[f;" — fi(w™)],
= Umin[fi(w) - fz(w*)] + (nmax - nmin)[fz‘* - fz(w*)]

Proof [Proof of Theorem 16] We start with the Update rule, measuring distances to w* in the ||-| 4,
norm,

%12 2 2
Jwisr — w73, = llwe — w13, — 20V fi, (wr), wi — w*) + 73 IV fir (wr) [ (®)
To bound the RHS, we use the assumption on the step-sizes (Eq. (7)) and Individual Convexity,

— 201(V fiy, (i), wi, — W) + MR ||V fi (wk:)”i;l ,

< =20V fi, (W), wi, — W) + Mg (fi, (wi) — fi))s (Step-size assumption, Eq. (7))
< =20 fi, (wi) — fi, (W) + Mng(fi, (we) — fir)s (Individual Convexity)
< =2n,[fiy (wi) — fir, ()] + My (fir, (i) — fir, (W) + fir, (0*) = £3)), (Efi (0"))
< =2 = M)me[fi (wr) = fi, (W)] + Mnmax(fi,, (W) = fi,)- (M < Nmax)

Plugging the inequality back into Eq. (8) and reorganizing the terms yields

(2= Mymelfi () = fi ()] < (g = w3, = fwns — w3,
+ Ml (fi (07) = f3)

©)

Using Theorem 20, we have that

(2 = M)mg[fir, (wi) — fir,(W*)] = (2 = M)Nmin (fi, (w) — fi, (™))
— (2 = M)(Nmax — Nmin) (fi, (w*) — fi)-

Using this inequality in Eq. (9), we have that

(2 - M)nmin(fik (wk) - ka (U)*)) - (2 - M)(nmax - nmin)(fik(w*) - f;«)
< (Mo = w I, = lhwess = w3, ) + Mimax(fo, (%) = £3),
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Moving the terms depending on f;, (w*) — f;, to the RHS,

(2 = M)in(Fi () = fin (7)) < (I = w3, = s = w3, )
+ (29max — (2 — M)nmin)(fik (w*) — fz*k)

Taking expectations and summing across iterations yields

T T
(2= M)nmin > Elfiy (wg) = fi, (w*)] <E [Z(Hwk — w4, — lwesr — w*lﬁk)]

k=1 k=1
+(2Nmax — (2 = M) i) To%.

Using Theorem 8 to telescope the distances and using the Bounded preconditioner,
T T
S lhww = w4, = e — w3, < 3w — w7, , < DPTr(Ar) < D? damas,
k=1 k=1

which guarantees that

T

(2 - M)nmin ZE[f(wk‘) - f(w*)] §D2damax + (277max - (2 - M)nmin)TU2-
k=1

Dividing by T'(2 — M )nmin and using Jensen’s inequality finishes the proof, giving the rate for the
averaged iterate,

E[f(wr) = f(w)] <

1 D2damax < 2 Thmax 1) 2
— — o .
T (2 - M)nmin 2-M T)min
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Appendix E. AMSGrad with momentum
We first show the relation between the AMSGrad momentum and heavy ball momentum and then

present the proofs with AMSGrad momentum in E.2 and heavy ball momentum in E.3.

E.1. Relation between the AMSGrad update and preconditioned SGD with heavy-ball
momentum

Recall that the AMSGrad update is given as:
Wry1 = wi — Nk Ay my 3 myg = Bmg_1 + (1 — B)V i, (wg,)
Simplifying,

Wit1 = wg — Mk A, (Bmg—1 + (1 = B)V fi, (wy))
wi1 = wy, — Me(1 = B) ALV fiy (wi) — miB AL my1

From the update at iteration k — 1,

Wy, = W1 — Ne—1 AL Mg 1

1
= —my_1 = —A,_1 (W — w—_1)
Nk—1

From the above relations,

wit1 = wi, — (1 — B) AV fi, (wi) + 6 % A A (W — wr—1)

which is of the same form as
Wiy1 = wy, — Nk A"+ y(wy — wi—1),

the update with heavy ball momentum. The two updates are equivalent up to constants except for
the key difference that for AMSGrad, the momentum vector (wy, — wy_1) is further preconditioned
by A" A, ,.
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E.2. Proofs for AMSGrad with momentum
We now give the proofs for AMSGrad having the update.
Wy = wg — M Agmy 5 mg = Bmg1 4 (1= B)V fiy, (wi)

We analyze it in the smooth setting using a constant step-size (Theorem 2), conservative Armijo
SPS (Theorem 3) and conservative Armijo SLS (Theorem 22). As before, we abstract the common
elements to a general proposition and specialize it for each of the theorems.

Proposition 21 In addition to assumptions of Theorem 7, assume that (iv) the preconditioners
are non-decreasing and have (v) bounded eigenvalues in the [amin, Gmax| range. If the step-sizes
are lower-bounded and non-increasing, Nymin < M, < Nx—1 and satisfy

MV Fo o) < M(fo,(we) — £, for some M < 21—

1+ (10)

using uniform averaging Wy = % Zgzl wy, leads to the rate

+ Mo?

o 1B 1B\ [ D?damax
Eumﬂ—f1sl_5@—l_5M) {%MT

We first show how the convergence rate of each step-size method can be derived from Theo-
rem 21.

Theorem 2 Under the same assumptions as Theorem 1, and assuming (iv) non-
decreasing preconditioners (v) bounded eigenvalues in the [amin, Gmax) interval, where
K = @max/amin, AMSGrad with 5 € [0, 1), constant step-size 1 = }Ig 2‘2‘2; and uni-
form averaging converges at a rate,

2 2
lf(or) - £ < (155 ) 2 ot

Proof [Proof of Theorem 2] Using Bounded preconditioner and Individual Smoothness, we have
that

2L max
e

IV fi, (wk)HA—

(fir (wr) = fi)-

min

Using a constant step sizen = ;g 2aLmin satisfies the requirement of Theorem 21 (Eq. (10)) with

constant M = 1 - B The convergence is then,

ELf(0r) — f(w")] < 1+B<2— HBM>1[%+MU2,]

—1- B 1—- B nminT
1+ 8| D*damax 1-— 502
1-5 hg 2%:QXT 1+6
_(1+58 %9 Linax D2dk: s
1-p5 T
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with K = amax/Amin-

|
Theorem 3 Under the same assumptions of Theorem [ and assuming (iv) non-
decreasing preconditioners (v) bounded eigenvalues in the [amin, Gmax] interval with
K = @max/amin, AMSGrad with § € [0,1), conservative Armijo SPS with ¢ = 1+8/1-p
and uniform averaging converges at a rate,
_ o (14 BY 2LmaxD?dr
— < .
lf(er) - 11<(155 ) 2 1 g
Proof [Proof of Theorem 3] For Armijo SPS, Theorem 5 guarantees that
1 Qo
2 * min
e |V fir (wi) 1 < E(fik(wk) - ), and %L < N
Setting ¢ = % ensures that M = 1/c satisfies the requirement of Theorem 21 and 7y >
% ;L“ﬁ Plugging in these values into Theorem 21 completes the proof. |

Theorem 22  Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precon-
ditioners (v) bounded eigenvalues in the [amin, Gmax] interval, AMSGrad with momentum with
parameter 3 € [0,1/5), conservative Armijo SLS with ¢ = %% and uniform averaging con-

verges at a rate,

Elf (@) — £ < 3117 ImaxD"dr

302
=158 T + o0

Proof [Proof of Theorem 22] For Armijo SLS, Theorem 4 guarantees that
2(1 = ¢) amin <

WV o)l < 2 (fa(w) — £5), and

Lmax

The line-search parameter c is restricted to [0, 1] and relates to the the requirement parameter M
of Theorem 21 (Eq. (10)) through M = 1/c. The combined requirements on M are then that
1< M< 2%, which is only feasible if 5 < % To leave room to satisfy the constraints, let
B <t

Setting % =M= %% satisfies the constraints and requirement for Theorem 21, and

1+
) 1+ 8 1+ 8\ [ D*damax )
- )] < 2 — M L S VA
Elf(or) — )] < 155 (2- 50 ) [Py are?)
1 -1 Lmax DQdmax -
_1H8(,.3 Gmax 316 o]
1-4 2 2(1 — ¢)amin T 2140
148 Lpax D%dr 2 o 1+ B LyaxD?*dr 5
“1-8(-0 T + 30 —31_55 T + 30°.
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where the last step substituted 1/(1 — ¢),
2146 3(1-p)-2(1+8) 11-58

l—c=1-= = = .
¢ 313 3(1—5) 31-3
|
Before diving into the proof of Theorem 21, we prove the following lemma,
Lemma 23 For any set of vectors a, b, c,d, if a = b+ ¢, then,
la —d|* = b= d|I* = lla = b]|* +2(c,a — d)
Proof
la —d|* = [lb+c —d|* = |Ib—d||* +2(c,b — d) + ||
Sincec=a —b,
= Ib—d||* + 2(a = b,b = d) + [la — b||*
=[b—d||*+2(a—bb—a+a—d) +|a—b|?
= |lb—d|*+2(a —b,b—a) 4+ 2(a — b,a — d) + |Ja — b||?
= [lIb = d|l* = 2[la = bl|* + 2(a — b,a — d) + f|a - b|]®
= [lb—d|I* ~ la = b]* + 2(c,a — d)
|

We now move to the proof of the main proposition. Our proof follows the structure of Alacaoglu
et al. [1], Reddi et al. [33].
Proof [Proof of Theorem 21] To reduce clutter, let P, = Ay /n;. Using the update, we have the
expansion

W1 —w* = (wk — Pk_lmk) —w",
= (wp — (1 = B) PV iy, (wy) — BP; ') — w,
Measuring distances in the ||-| 5, -norm, such that H:c||§3k = (x, Pyx),
*|2 *12 *
[wpr — w*llp, = lwr — w*{[p, —2(1 = B) (wr, — w", V fiy (wg)),
_ 2,3 <U)]€ — w*,mk71> -+ ”mk”?3;1 .

We separate the distance to w* from the momentum in the second inner product using the update
and Theorem 23 with a = ¢ = P./% (wy — w*), b= 0,d = P/ (w1 — w*).

—2(mp_1,wp — w*) = =2(P,_ (wg—1 — wg), wg — w™),
2 2 2
[l = wialZy |+ o — w1, = e vl
2 2 2
= il + e — w3, — sy — 'l

2 2 2
< lmneal2os + g — w3, = ot — w3,
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where the last inequality uses the fact that n;, < n,_1 and Ay = A,_,, which implies P, = P,_;,
and ||wy, — w* H%kil < ||wg — w* ||?3k Plugging this inequality in and grouping terms yields

21~ ) (wg — ", V fig(wn) < [llwg = w3, — Jogsr — w3, ]
+ B[l = w B, = lwn-y —w*lF,_ |
2 2
18 il + lmal3a |

By convexity, the inner product on the left-hand-side is bounded by (wy — w*, V f;, (wg)) >
fir (wi) — fi, (w*). The first two lines of the right-hand-side will telescope if we sum all itera-
tions, so we only need to treat the norms of the momentum terms. We introduce a free parameter
0 > 0, that is only used for the analysis, and expand

B il + el Bos = 8 il + (14 6) gl = 8 il
To bound HmkH?DI;h we expand it by its update and use Young’s inequality to get
2 2
||mk||pk*1 = ||Bmk—1 + (1 - B)vflk(wk)np];l
< (1+e)p IImk—ﬂlik—l + (1411 = B IV fi, (wi)l 5

where € > 0 is also a free parameter, introduced to control the tradeoff of the bound. Plugging this
bound in the momentum terms, we get

B llmxrlfor, + llmilfpor <8 llmialfos + (U4 (1 +8)8 Imi-alls = 8 llmil5r
+ (14 1)1 +6)(1 - B)? Hsz-k(wk)H;k,l .

As Pt < P%, we have that Hmk_1||f3;1 < |]m;c_1||§31;_11 which implies

<(B+(1+e)(1+0)5%) Hmkle?aI;ll -0 HmkH?al;l
+(1+ Y1461 -p) vaik(wk‘)H?Dk_l -

To get a telescoping sum, we set § to be equal to 3 + (1 + €)(1 + )32, which is satisfied if

§ = BH0HIB and § > 0 is satisfied if 8 < 1/yTTe. W lug back the inequalit
— 1-(1+e)B2° +e. VW€ NOW plug bac € mequality

B ||77”Lk—1||2pk—711 + HmkHZpk—l st[Hmk—lH?DI;ll - HmkH?ak—l
+ (L4114 ) (1 = B)* IV i (wi) [
in the previous expression to get
2(1 = B) (fir(wr) = fir (W) < Jfwg, = w5, = lfwp1 — w?||3,
+ 8 [l = w3, = lwe-1 = w3,
+ 8 I lpr = il

+ (14 Yo (L +6)(1 = B)* IV fi (wi) [
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All terms now telescope, except the gradient norm which we bound using the step size assumption,
IV £, o)l v = i IV i () I v < M(Fi () = 3,
= M(fi,(wi) = fi,,(w")) + M(fi, (W) = f)-
This gives the expression
a (fiy (wr) = fir (W) < [y = w*|[p, = lwpr — w5,
+ 8 [lwn = w3, = lhwe-s — w3,
2 2
o[ llmpal1 = gl
+ (14 Yo (1 +6)(1 = B)*M(fi (w*) = £3),

with a = 2(1 — ) — (1 + 1/e)(1 + §)(1 — B)2M. Summing all iterations, the individual terms are
bounded by the Bounded iterates and Theorem 8;

2

> llwk = w5, = llwigr — w5, < D*Tr(Pr) —Tr(Ar)
Thmin
2 2 2 D2
Bk~ s —wlf < ler—wly, <8 TiA)
2 2 2
5 il — < 8 lmalf ~0.

Using the boundedness of the preconditioners gives Tr( A7) < damax and the total bound

T 9 T
oS (i () ﬁgwwg(l+ﬁpd%m441+vm1+a B2M S (fi (w") — £2).
k=1 min =1
Taking expectations,
T (1+ B)D%da
o> E[f(wy) — f(w")] < L (L /(L 8)(1 - 8)2Mo>T.
k’:1 min

It remains to expand « and simplify the constants. We had defined

B+ (1+6)p
=2(1-p)— (1+1Y)(1+8)(1—-B)*M >0 d =
(1=B) = (14 1)1 +0)(1 - BM >0,  an T
where € > 0 is a free parameter. This puts the requirement on 3 that 3 < 1/4/1 + €. To simplify
the bounds, we set 3 = 1/(1 4 ¢€), e = 1/3 — 1, which gives the substitutions

1 11 3 1+

=

=
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Plugging those into the rate gives

T

a> E[f(wg) — f(w")]

k=1

1+ B)D?damax
(1+ B)D%da N

TImin

(14 B)MaT,

IN

while plugging them into « gives

a=2(1-F) — (L+1e)(1+0)(1 - B)*M,
o 148 R 1-p
=(1-p) [2 1—51\47 which is positive if M < 21+/3'

Dividing by aT', using Jensen’s inequality and averaging finishes the proof, with the rate

—1 2
1+6< 1+BM) [D dama"+M02 '

Ly ) I
1_6 1_5 7//minfr
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E.3. Proofs for AMSGrad with heavy ball momentum

We now give the proofs for AMSGrad with heavy ball momentum with the update.

Wit1 = Wi — M ALV fiy (wi) 4+ v (wp — wi—1)

We analyze it in the smooth setting using a constant step-size (Theorem 25), a conservative Armijo
SPS (Theorem 26) and conservative Armijo SLS (Theorem 27). As before, we abstract the common
elements to a general proposition and specialize it for each of the theorems.

Proposition 24 In addition to assumptions of Theorem 7, assume that (iv) the preconditioners
are non-decreasing and have (v) bounded eigenvalues in the [amin, max] range. If the step-sizes
are lower-bounded and non-increasing, Nmin < M, < Nx—1 and satisfy

AMSGrad with heavy ball momentum with parameter v < 1 and uniform averaging wr =
1T
7 Y 1 Wk leads to the rate

Elf(@r) — f7]

1 {1 (2(1 +72) D% apmaxd

< —
T2-2y—-M

T + 29[ f (o) — f(w*)]> i MUQ] |

Thmin

We first show how the convergence rate of each step-size method can be derived from Theo-
rem 24.

Theorem 25 Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precondi-
tioners (v) bounded eigenvalues in the [amin, Gmax| range, AMSGrad with heavy ball momentum

with parameter vy € [0, 1), constant step-size = 26“32‘7;:7) and uniform averaging converges
at a rate
_ 179 14497 2 gl 2
— 1< =l z—5Lmax D°kd + ———— — * 20°.
E[f(wr) — f*] < T <2 (1— ,7)2 max D KA + 1—7) [f(wo) = f(w™)] | + 20

Proof [Proof of Theorem 25] Using Bounded preconditioner and Individual Smoothness, we have

that

1 2L max
IV fig (wn) |* < ==

Gmin min

nlIV fi (wk)HZ;l <n (fir (wr) — fiy)-

A constant step-size 77 = 2¢min (1=7)/3L . means the requirement for Theorem 24 is satisfied with
M = %(1 — 7). Plugging (2 — 2y — M) = %(1 — ) in Theorem 24 finishes the proof. |

Theorem 26 Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precondi-
tioners (v) bounded eigenvalues in the [amin, Gmax| interval, AMSGrad with heavy ball momen-
tum with parameter v € [0, 1), conservative Armijo SPS with ¢ = 3/4(1—~) and uniform averaging
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converges at a rate,

E[f(wr) — f*] < & 7 <91+7Lmaxp%d T

— f(w* o2.
Tl w0 = f(w)]) +2

3
(1-7)

Proof [Proof of Theorem 26] For Armijo SPS, Theorem 5 guarantees that

1 * Gmin
Mk Hszk(wk)HA v = - (fa(wr) = fiL), and < .
2¢ Linax

Selecting ¢ = 3/4(1—) gives M = 4/3(1 — «y) < 2(1 — =) and the requirement of Theorem 24 are

satisfied. The minimum step-size is then Nyi, = ng‘i“ = 2ar§i£ (1_7), SO Nmin and M are the same
as in the constant step-size case (Theorem 25) and the same rate applies. |

Theorem 27 Under the assumptions of Theorem 7 and assuming (iv) non-decreasing precon-
ditioners (v) bounded eigenvalues in the [amin, Gmax] interval, AMSGrad with heavy ball mo-
mentum with parameter v € [0,1/4), conservative Armijo SLS with ¢ = 3/4(1—~) and uniform
averaging converges at a rate,

E[f(wr) — f*] < 1 <61 +7° Lnax D%rd +

T\ '1—4y (1 jy) [f (wo) — f(w*)]> +20°.

Proof [Proof of Theorem 27] Selecting ¢ = 3/4(1—~) is feasible if v < 1/4 as ¢ < 1. The Armijo
SLS (Theorem 4) then guarantees that

WV )l < S(f o) — £), ama 200w

— )
Lmax

which satisfies the requirements of Theorem 24 with M = %(1 — 7). Plugging M in the rate yields

_ * 1 1+ '72 Dzamaxd 37
Bl i) — ) < (67

- Fw) = f(w)]) + 202

With ¢ = ﬁ, — 2(12511‘1‘“1“ = QLGHIZ: 41(1_:1%. Plugging it into the above bound yields

B (00) — ) € (01 B Dt + 2 1) - 50 + 207

We now move to the proof of the main proposition. Our proof follows the structure of Ghadimi
et al. [11], Sebbouh et al. [36].
Proof [Proof of Theorem 24] Recall the update for AMSGrad with heavy-ball momentum,

Wit1 = wg — ALY fiy (W) + y(wg, — wy_1). (12)
The proof idea is to analyze the distance from w* to wy, and a momentum term,

10%)1? = [Jwi + mp, — w*Hik , where my, = %(wk — Wk_1), (13)
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by considering the momentum update (Eq. 12) as a preconditioned step on the joint iterates (wy +
mg),

Wit 1 + Mpg1 = Wi + Mg — 725 Ay 2V fin (wi). (14)

Let us verify Eq. (14). First, expressing wy1 + myy1 as a weighted difference of wy1 and wy,

1
Whet1 + M1 = Wit + 725 (Wet1 — We) = 75 W1 — 725 Wk

Expanding wy1 in terms of the update rule then gives
= (wy, = R ALY fiy (wi) + y(wy, — wg—1)) —
= (wg = AV fi (wy) — ywg—a),

wk — iwk 1 — 714 IVka (wk)

1— ,ywka

}—‘Hl—l
)—l\»—tl»—t

which can then be re-written as wy + my, — 77—’“A v fir (wg). The analysis of the method then
follows similar steps as the analysis without momentum. Using Eq. (14), we have the recurrence

2

i

I6rr1ll%, = lwksr + mpgr — w7, = Hwk: oy, — 2 ALY fiy (wg) — w? A

5)

21, . n
= [|owll%, — ﬁWﬁk(wk%w;c +my —w*) + i —k e Hme(wk)HA—

To bound the inner-product, we use Individual Convexity to relate it to the optimality gap,

7y

(Vi (wr), wie +my —w) = (V fiy, (wr), wie —w?) + i<vfik (wg ), Wi — W—1),
> fir (W) = fi, (W*) + %[fik(wk) — fip (w—1)],
1 ) v .
= 7 Vo) = fun (] = T Ui (wim) = fu (0]

To bound the gradient norm, we use the step-size assumption that
i IV Fi (wi) [+ < Mfiy (wi) = £,) = MU fi, (wr) = fir (*)] + M[fi, (w*) = f5,)-
For simplicity of notation, let us define the shortcuts
hi(w) = fi, (w) — fi, (w"), or = fi, (W) = fiL.
Plugging those two inequalities in the recursion of Eq. (15) gives

Tk

2
511, < 00ells, = (253 2 = Mhewn) + 2 55he

a7

We can now divide by 7x/(1—+)? and reorganize the inequality as

(wk_l) + ﬁ

1— 2
(2= Mhun) = 29 (ar) < S (I8, — Boeal,) + Mot
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Taking the average over all iterations, the inequality yields

T

1 (1-79)? 2 2 2

= Z 2 = M)hy(wi) — 27vhg(wi—1) < T2 o 0kla, — Nok+1lla, ) + Mo
k=1

To bound the right-hand side, under the assumption that the iterates are bounded by ||wy — w*|| <

D, we use Young’s inequality to get a bound on ||y, ||;

2
18cl13 = N + o = 0¥ = || 5 (e — ") = 15 (s = w)) |
2 * 12 *12 2(1—1_’72)
< o (low = w342 oy —w5) < =0 D? = A2

Given the upper bound ||d ||, < A, a reorganization of the sum lets us apply Theorem 8 to get
T 2 2 T 2 T 2
S e (19003, = 1013, ) = Shoa 10l s, = Sy 10kl o
T 2 T+1
= 2 k=1 [l 14, — Yk ||5kH .
T 2
< Zk:l ”(SkHiAk -

= h—1 Hék”if‘rﬁf&kﬂ < Alamacd
—1

2
L Aj 4 + H‘SIH%AO

TImin

where the last step uses the convention Ay = 0 and Theorem 8 on dy, instead of wy, — w*. Plugging
this inequality in, we get the simpler bound on the right-hand-side

T

32— M) — 29w 1) <
k=1

2(1 + %) D2 apaxd
TT/min

—I—Mal%.

Now that the step-size is bounded deterministically, we can take the expectation on both sides to get

2(1 + ) D2%apaxd
Tnmin

T
%E > (2= M)h(wi) - 27h(wk_1)] < +Mo?,

k=1

where h(w) = f(w) — f* and 0* = E[fi, (w*) — f;: |. To simplify the left-hand-side, we change
the weights on the optimality gaps to get a telescoping sum,

Yok (2= M)h(wy) = 2vh(wg—1) = Y51 (2 = 2y = M)h(wg) + 2vh(wy,) — 2vh(wg_1),
= (2~ 29— M)[SL, hlwg)] + 29(h(wr) = hlwy)),
>(2 - 2y = M) | Sy hwi)| - 2vh(wo).

The last inequality uses h(wr) > 0. Moving the initial optimality gap to the right-hand-side, we
get

1

—(2—2v—M
T( y )E

1 (2(1 +72) D% apaxd

TImin

+ 2’yh(w0)) + M2
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Assuming 2 — 2y — M > 0 and dividing, we get

T
1 1 (2(1 +?)D%amaxd 5
E < — :
2 h(wk)] S v [T ( — + 2yh(wp) | + Mo

1IE
T

Using Jensen’s inequality and averaging the iterates finishes the proof.
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Appendix F. Experimental details

As suggested by Vaswani et al. [40], the standard backtracking search can sometimes result in step-
sizes that are too small while taking bigger steps can yield faster convergence. To this end, we used
the heuristic from [40] that begins every backtracking with a slightly larger (by a factor of A,
~ = 2 throughout our experiments) step-size compared to the step-size at the previous iteration, and
works well consistently across our experiments.

Although we do not have theoretical guarantees for Armijo SLS with general preconditioners
such as Adam, our experimental results indicate that this is in fact a promising combination that
also performs well in practice.

On the other hand, rather than being too conservative, the step-sizes produced by SPS between
successive iterations can vary wildly such that convergence becomes unstable. Loizou et al. [23]
suggested to use a smoothing procedure that limits the growth of the SPS from the previous iteration
to the current. We use this strategy in our experiments with 7 = 2"/" and show that both SPS and
Armijo SPS work well. For the convex experiments, for both SLS and SPS, we set ¢ = 0.5 as is
suggested by the theory. For the non-convex experiments, we observe that all values of ¢ € [0.1,0.5]
result in reasonably good performance, but use the values suggested in [23, 40], i.e. ¢ = 0.1 for all
adaptive methods using SLS and ¢ = 0.2 for methods using SPS.
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Appendix G. Additional experimental results

In this section, we present additional experimental results showing the effect of the step-size for
adaptive gradient methods using a synthetic dataset (Fig. 4). We show the wall-clock times for
the optimization methods (Fig. 5). We show the variation in the step-size for the SLS methods
when training deep networks for both the CIFAR in Fig. 6 and ImageNet (Fig. 7) datasets. We
evaluate these methods on easy non-convex objectives - classification on MNIST (Fig. 8) and deep
matrix factorization (Fig. 10). We use deep matrix factorization to examine the effect of over-
parameterization on the performance of the optimization methods and check the methods’ perfor-
mance when minimizing convex objectives associated with binary classification using RBF kernels
in Fig. 9. Finally in Fig. 11, we quantify the gains of incorporating momentum in AMSGrad by
comparing against the performance AMSGrad without momentum.

Margin:0.01 Margin:0.05 Margin:0.1 Margin:0.5

Train loss (log)

+— Adagrad —+— Default Adagrad —&— Adagrad + Lipschitz LS Adagrad + Armijo LS

(a) AdaGrad
Margin:0.01 Margin:0.05 Margin:0.1 Margin:0.5
" ey ‘)\,\1-{«“{1‘ . 4

b e

il

Train loss (log)

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Epoch Epoch Epoch Epoch

+— Amsgrad —+— Default Amsgrad —&— Amsgrad + SLS

(b) AMSGrad

Figure 4: Effect of step-size on the performance of adaptive gradient methods for binary classifica-
tion on a linearly separable synthetic dataset with different margins. We observe that the
large variance for the adaptive gradient methods, and the variants with SLS have consis-
tently good performance across margins and optimizers.
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Figure 5: Runtime (in seconds/epoch) for optimization methods for multi-class classification using
the deep network models in Fig. 2. Although the runtime/epoch is larger for the SLS/SPS
variants, they require fewer epochs to reach the maximum test accuracy (Figure 2). This
justifies the moderate increase in wall-clock time.
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(d) CIFAR-100 DenseNet

Figure 6: Comparing optimization methods on image classification tasks using ResNet and
DenseNet models on the CIFAR-10/100 datasets. For the SLS/SPS variants, refer to
the experimental details in Appendix F. For Adam, we did a grid-search and use the best
step-size. We use the default hyper-parameters for the other baselines. We observe the
consistently good performance of AdaGrad and AMSGrad with Armijo SLS. We also
show the variation in the step-size andgbserve a cyclic pattern [24] - an initial warmup
in the learning rate followed by a decrease or saturation to a small step-size [13].
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(c) Tiny Imagenet
Figure 7: Comparing optimization methods on image classification tasks using variants of Ima-

geNet. We use the same settings as the CIFAR datasets and observe that AdaGrad and
AMSGrad with Armijo SLS is consistently better.
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Figure 8: Comparing optimization methods on MNIST.
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Figure 9: Comparison of optimization methods on convex objectives: binary classification on LIB-
SVM datasets using RBF kernel mappings. The kernel bandwidths are chosen by cross-
validation following the protocol in [40]. All line-search methods use ¢ = 1/2 and the
procedure described in Appendix F. The other methods are use their default parameters.

We observe the superior convergence of the SLS variants and the poor performance of
the baselines.
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Figure 10: Comparison of optimization methods for deep matrix factorization. Methods use
the same hyper-parameter settings as above and we examine the effects of over-
parameterization on the problem: minyy, w, E;n (0,1 |WoWiz — Ax||? [34, 40]. We
choose A € R!9%6 with condition number x(A) = 10'° and control the over-
parameterization via the rank % (equal to 1,4, 10) of W7 € R**6 and W, € R0k,
We also compare against the true model. In each case, we use a fixed dataset of 1000
samples. We observe that as the over-parameterization increases, the performance of all
methods improves, with the methods equipped with SLS performing the best.
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Figure 11: Ablation study comparing variants of the basic optimizers for multi-class classification
with deep networks. Training loss (top) and validation accuracy (bottom) for CIFAR-
10, CIFAR-100 and Tiny ImageNet. We consider the AdaGrad with AMSGrad-like
momentum and do not find improvements in performance. We also benchmark the per-
formance of AMSGrad without momentum, and observe that incorporating AMSGrad
momentum does improve the performance, whereas heavy-ball momentum has a minor,
sometimes detrimental effect. We use SLS and Adam as benchmarks to study the effects
of incorporating preconditioning vs step-size adaptation.
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