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Abstract

In this paper, we provide near-optimal accelerated first-order methods for minimizing a broad class
of smooth nonconvex functions that are strictly unimodal on all lines through a minimizer. This
function class, which we call the class of smooth guasar-convex functions, is parameterized by
a constant y € (0, 1], where v = 1 encompasses the classes of smooth convex and star-convex
functions, and smaller values of ~y indicate that the function can be “more nonconvex.” We develop
a variant of accelerated gradient descent that computes an e-approximate minimizer of a smooth
~-quasar-convex function with at most O(y~*e~1/2log(y~'e~1)) total function and gradient
evaluations. We also derive a lower bound of Q(y~'¢~1/2) on the number of gradient evaluations
required by any deterministic first-order method in the worst case, showing that, up to a logarithmic
factor, no deterministic first-order algorithm can improve upon ours.

1. Introduction

Acceleration [38, 39] is one of the most powerful tools for improving the performance of first-order
optimization methods. Nesterov’s accelerated gradient descent method obtains asymptotically
optimal runtimes for minimizing smooth convex functions [39]. Furthermore, acceleration is
prevalent in stochastic optimization [2, 23, 28, 51, 52], is useful in coordinate descent methods
[18, 25, 41, 46], can improve proximal methods [20, 33, 35], and yields tight rates for higher-order
optimization [9, 21, 27]. Acceleration has shown to be successful in practical applications such as
image deblurring [6] and neural network training [47].

More recently, acceleration techniques have been applied to compute e-stationary points (i.e., points
where the gradient has norm at most €) of nonconvex functions with smooth derivatives [1, 10—
12]. Worst-case runtime bounds in this setting are at least Q(e*S/ %), significantly worse than the
corresponding O((—:_l/ 2) bound that accelerated gradient descent (AGD) achieves for smooth convex
functions [39]. Still, in practice it is often possible to find approximate stationary points, and even
approximate global minimizers, of nonconvex functions faster than these lower bounds suggest.
This performance gap stems from the fairly weak assumptions underpinning these generic bounds.
For example, Carmon et al. [10, 13] only assume Lipschitz continuity of the gradient and some
higher-order derivatives. However, functions minimized in practice often admit significantly more
structure, even if they are not convex. For example, under suitable assumptions on their inputs,
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Figure 1: Examples of quasar-convex functions.

several popular nonconvex optimization problems, including matrix completion, deep learning, and
phase retrieval, display “convexity-like” properties, e.g. that all local minimizers are global [5, 22].
Much more research is needed to characterize structured sets of functions for which minimizers can
be efficiently found; our work is a step in this direction.

Basic notation We use ||-|| to denote the Euclidean norm (i.e. ||-||,). We say that a function
f : R® — R is L-smooth, or L-Lipschitz differentiable, if |V f(z) — Vf(y)|| < L |z — y|| for
all z,y € R™. (We say a function is smooth if it is L-smooth for some L € [0, 00).) We denote a
minimizer of f by z*, and we say that a point x is “ec-optimal” or an “e-approximate minimizer” if
f(x) < f(x*)+e. We use log to denote the natural logarithm and log™ () to denote max{log(-), 1}.

In this paper, we improve upon the state-of-the-art complexity of first-order methods for minimizing
smooth guasar-convex functions,' defined as follows.

Definition 1 Let v € (0, 1] and let x* be a minimizer of the differentiable function f : R™ — R.
The function f is y-quasar-convex with respect to x* if for all x € R"™,

') > flz) + iw(mf(x* ). (1)

We simply say that f is quasar-convex if (1) holds for some minimizer z* of f and constant vy € (0, 1].
We refer to 2* as the “quasar-convex point” of f. Assuming differentiability, in the case v = 1,
condition (1) is equivalent to what is known as star-convexity [42]; if in addition the condition holds
for all y € R™ instead of just for x*, it becomes the standard definition of convexity [7].

There are several other ‘convexity-like’ conditions in the literature related to quasar-convexity
[3, 15, 17, 37, 45, 49, 53, 56].2 For example, star-convexity is a condition that relaxes convexity,
and is a strict subset of quasar-convexity in the differentiable case. Star-convexity is an interesting
property because there is some evidence to suggest the loss function of neural networks might
conform to this structure in large neighborhoods of the minimizers [31, 55]. Therefore, understanding
acceleration for quasar-convex functions is pertinent to understanding acceleration for neural network
training. Furthermore, Hardt, Ma, and Recht [26] show that, under mild assumptions, the objective

1. The concept of quasar-convexity was first introduced by Hardt et al. [26], who used the term ‘weak quasi-convexity’.
We decided to introduce the term quasar-convexity because we believe it is linguistically clearer; in particular, ‘weak
quasi-convexity’ is a misnomer because it does not strictly subsume quasi-convexity.

2. A more in-depth discussion is presented in Appendix K.
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for learning linear dynamical systems is quasar-convex; the problem of learning dynamical systems
is closely related to the training of recurrent neural networks.

We are not the first to study acceleration on quasar-convex functions. Recent work by Guminov and
Gasnikov [24] and Nesterov et al. [43] shows how to achieve accelerated rates for minimizing quasar-
convex functions. For a function that is L-smooth and ~y-quasar-convex with respect to a minimizer
x*, with initial distance to 2* bounded by R, the algorithm of Guminov and Gasnikov [24] yields an
e-optimal point in O(y~ ! LY/2Re~1/2) iterations, while the algorithm of Nesterov et al. [43] does so
in O(y=%/ 2[V2Re Y 2) iterations. For convex functions (which have v = 1), these bounds match
the iteration bounds achieved by AGD [39], but use a different oracle model. In particular, to achieve
these iteration bounds, Guminov and Gasnikov [24] rely on a low-dimensional subspace optimization
method within each iteration, while Nesterov et al. [43] use a one-dimensional line search over the
function value in each iteration. However, quasar-convex functions are not necessarily unimodal
along the arbitrary low-dimensional regions or line segments being searched over. Therefore, even
finding an approximate global minimizer within these subregions may be computationally expensive,
and thus the total number of function and gradient evaluations required by these methods may be
large. Independently, recent work by Zhang et al. [54] uses a differential equation discretization to
approach the accelerated O(Iil/ 2log(e 1)) rate for minimization of smooth strongly quasar-convex
functions in a neighborhood of the optimum, in the special case v = 1.3 Similarly, in the v = 1 case,
geometric descent [8] achieves O(x'/?log(e~1)) running times in terms of the number of calls to
a one-dimensional line search oracle (although, as previously noted, the number of function and
gradient evaluations required may still be large).

2. Theoretical results

For functions that are L-smooth and y-quasar-convex, we provide Algorithm 1 which finds an
e-optimal solution in O(v‘lLl/ 2Re Y/ 2) iterations (where, as before, R is an upper bound on the
initial distance to the quasar-convex point x*). Our iteration bound, given in Theorem 1, is the same
as that of Guminov and Gasnikov [24], and a factor of /2 better than the O(y~3/2L'/2Re=1/2)
bound of Nesterov et al. [43]. Additionally, we are the first to provide bounds on the total number
of function and gradient evaluations required; our algorithm uses O(y~'L'/?Re~ /2 log(y e 1))
function and gradient evaluations to find a e-optimal solution.

Algorithm 1: AGD for quasar-convex functions
input: L-smooth f : R™ — R, initial point 2(©) € R", number of iterations &

Define w1 = 1, wk) = ngl) ( (wk=1)2 4+ 4 — w(k_1)> for k > 0; set v(©) = z(0)

fork=0,1,2,..., K —1do
Set ak) = BinaryLineSearch(f,a:(k),v(k)) // Details omitted, see Appendix E

Set fu(k+1) = 'U(k) — L(,;Y(k) Vf(y(k))

end

return (&)

3. k = L/ denotes the condition number of an L-smooth (v, u)-strongly quasar-convex function.
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Theorem 1 If f is L-smooth and ~y-quasar-convex with respect to a minimizer x7,
with v € (0,1] and Hx(o) — x*H < R, then Algorithm 1 produces an e-optimal point after
0] (7*1L1/2Re*1/2 log™* (7*1L1/2Re*1/2)) function and gradient evaluations.

In the appendix, we also analyze the strongly quasar-convex regime (a condition analogous
to strong convexity) and provide an algorithm that produces an e-optimal point using
O(y 16?2 log(y'k'/?)log(e!)) evaluations. In the v = 1 (star-convex) case, our respective
bounds are within a logarithmic factor of the runtimes of AGD on convex or strongly convex
functions (AGD is asymptotically optimal in the convex and strongly convex settings [39]).

The key idea behind our algorithm is to take a close look at which essential invariants need to hold
during the momentum step of AGD, and use this insight to redesign the algorithm to accelerate on
general smooth quasar-convex functions. By observing how the function behaves along the line
segment between current iterates 2*) and v®) | we show that for any smooth quasar-convex function,
there always exists a point y(*) along this segment with the properties needed for acceleration.
Further, we show that an efficient binary search can be used to find such a point.

To complement our upper bounds, we provide lower bounds of Q(y~!LY/2Re~1/2) for the number
of gradient evaluations that any deterministic first-order method requires to find an e-approximate
minimizer of a quasar-convex function. This shows that up to logarithmic factors, our lower and
upper bounds are tight. Our lower bounds extend the techniques of Carmon, Duchi, Hinder, and
Sidford [10] to the class of smooth quasar-convex functions.

Theorem 2 Let e, R, L € (0,00), v € (0,1], and assume LY/>?Re='/2 > 1. Let F denote the set
of L-smooth functions that are y-quasar-convex with respect to some point with Euclidean norm
< R. Then, given any deterministic first-order method, there exists a function f € F such that the
method requires at least Q(7_1L1/2R6_1/2) gradient evaluations to find an e-optimal point of f.

We derive our lower bounds by constructing a particular type of quasar-convex function known as
a zero-chain and showing that any deterministic first-order method must use Q(y~ "L/ 2Re1/ 2
gradient evaluations to optimize some function of this type. Full details are given in Appendices I-J.

3. Preliminary experiments
The main contribution of this work is theoretical. However, we also include preliminary experiments.

We first consider optimizing a “hard instance” - an example of the type of function used to construct
the lower bound in Theorem 2. This function class is parameterized by ¢ and the dimension 7'; we
denote these functions by pr (see Appendix I for the definition). We compare our method to other
commonly used first-order methods: gradient descent (GD), [standard] accelerated gradient descent
(AGD), nonlinear conjugate gradients (CG), and the limited-memory BFGS (L-BFGS) algorithm.
(Out of all these algorithms, only our method and GD have theoretical guarantees for quasar-convex
function minimization.) We next evaluate our algorithm on real-world tasks: we use our algorithm
to train a support vector machine (SVM) on the nine LIBSVM UCI binary classification datasets
[14] (which are derived from the UCI “Adult” datasets [16]). The SVM loss function we use is a
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smoothed version of the hinge loss: f(z) = S_I; ¢a(l — bia; ), where a; € R% b; = £1 are
given by the training data (the a;’s are the covariates and the b;’s are the labels), and ¢ () = 0 for
t <0, g fort € [0,1], and % +%fort > 1. Whena = 1, ¢ = % for all ¢ > 0, and thus
¢q and f are convex. For all a € (0, 1], ¢ is smooth and a-quasar-convex. Line searches for
this function are inexpensive, as the quantities biaZT z need only be calculated once per outer loop
iteration. Results are given in Table 1.

Finally, we evaluate on the problem of learning linear dynamical systems, which was shown to
be quasar-convex (under certain assumptions) by Hardt et al. [26]. In this problem, we are given
observations { (¢, yt)}iTzl generated by the time-invariant linear system h;y1 = Ahy + Bay; ye =
Chy + Dxy, where x4, y: € R; hy € R™ is the hidden state at time t; and © = (A, B, C, D) are the
(unknown) parameters of the system. Informally, we seek to learn © to minimize % Zszl (ye — 1),
where iLt+1 = flﬁt + ﬁxt; U = C’ﬁt + Dxt, and iLO = 0. When parameterized in controllable
canonical form, this problem was shown to be quasar-convex on a subset of the domain near
the optimum in [26]. We describe this problem and our experimental approach in more detail in
Appendix D. Representative plots are given in Figure 2. Despite the nonconvexity, AGD performs
quite well on this problem. Nonetheless, we observe that our method is competitive with AGD
in terms of iteration count; we use more function evaluations due to the line search, but gradient
evaluations are about twice as expensive in this setting, and the line search can also be parallelized.
The design of better heuristics to speed up our method (for example, using the standard AGD value
of « as an initial guess for the line search) is an interesting question for future investigation.

In all experiments, we use adaptive step sizes for our method, as well as GD and AGD, as in practice
L may not be known a priori. We note that our algorithm can be straightforwardly generalized to
this adaptive step-size setting, for which Theorem 1 can be rederived.

| Function / Algorithm — Ours (Alg. 4) Gradient Descent (GD) Standard AGD Nonlinear CG L-BFGS
fro(c=10"1T=10%e=10"17) 422; 1,451 336; 738 272; 869 312; 1,599 354; 1,778
fTT,U: (0 =10"% T =10%¢=10"5) 12,057; 55,357 18,607; 40,684 3,891; 12,399 1,251; 3,647 1,093; 6,554
froi(c= 1076, 7 =10%;¢ = 1078) 17,135; 167,447 275,572; 602,561 55,623; 177,247 | 10,007; 30,023 2,079; 12,476

LIBSVM UCI datasets (o = 1; € = 10 %)
LIBSVM UCI datasets (o = 0.5;¢ = 10 %)

0.92; +0.017%
1.32; +0.016%

4.65; +0.036%
4.78; +0.033%

0.46; +0.001%
0.48; +0.001%

0.29; +0.010%
0.30; +0.011%

Table 1: Experimental results. The stopping criterion used is ||V f(z)||,, < e For fr, we report (# iterations; # func-
tion+gradient evals); the initial point is x9p = 0. For LIBSVM UCI datasets, we report: the ratio of the total number of
iterations required compared to standard AGD, averaged over all 9 datasets and 3 different random initializations (shared

across algorithms) per dataset, and the average final fest classification accuracy difference compared to AGD.

— GD
Standard AGD

—— our algorithm (y=0.5)

—— our algorithm (y=1)

— GD
Standard AGD

—— our algorithm (y =0.5)

—— our algorithm (y=1)
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Results on learning linear dynamical systems, for two different problem instances. We evaluate our method with v =
{0.5,1}, and compare to GD and AGD. We run until the loss is < 10~ or 1000 iterations have been reached. Our
method uses ~24x as many total evaluations as AGD; for instance, in the first setting all methods run for 1000 iterations
and use 2195, 3195, 13562 and 14626 total evaluations respectively (out of which 1000 are gradient evaluations).
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Figure 2:
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Appendix
D. Additional Experimental Details

We implement our algorithm, as well as AGD and GD, in Julia and Python. We run our experiments
on learning linear dynamical systems (LDS) using the PyTorch framework [44]. We generate the
true parameters and the dynamical model inputs the same way as in [26], using the same parameters
n = 20,T = 500. However, differently from this paper, we do not generate fresh sequences
{(z+,y+)} at each iteration, but instead generate 100 sequences at the beginning which are used
throughout (so, it is no longer a stochastic optimization problem). As in [26], we actually minimize

the loss ﬁ Z(x )eB (T%ﬂ Zi>T1 (ye — g)t)Q), where the outer summation is over the batch B of

100 sequences and the inner summation starts at time 77 := 7'/4, to mitigate the fact that the initial
hidden state is not known. In addition, we generate the initial point (/10, C’o, f)o) by perturbing the
true dynamical system parameters (A, C, D) with random noise; we additionally ensure that the
spectral radius of Ag remains less than 1.

The quasar-convexity parameter ~y derived in [26] for the LDS objective is defined as the supremum
of the real part of a ratio of two degree-n univariate polynomials over the complex unit circle.
Therefore, it is difficult to calculate in practice. We instead simply select different values of ~y to
use in our experiments; we find that, while the choice of y does affect performance somewhat, our
method does not break down even if the “wrong” choice is used.

Hardt, Ma, and Recht [26] presented two better-performing alternatives to fixed-stepsize SGD: SGD
with gradient clipping or projected SGD. By contrast, as we use an adaptive step size, there is no
need to clip gradients; in addition, we find projection to be unnecessary as the initial iterate we
generate already has p(Ao) < 1 by construction.

In the LDS experiments, we use forward difference to approximate the 1D gradients in the line
search (as described in Appendix E), since gradient evaluations are more expensive than function
evaluations in this case; fortunately, this does not incur significant numerical error.

In all experiments, we do not use any initial guess for the line search to compute alk) (Algorithm 3).
For the adaptive step sizes, we use a standard scheme in which the step size at iteration £ > 0 [which
we denote %] is initialized to the previous step size ﬁ times a fixed value (; > 1, and then
multiplied by a fixed value ( € (0, 1) until it is small enough so that the function value decrease is
sufficient,* where (1, (o are constant hyperparameters. In all experiments for GD, AGD, and our
method, we used ¢; = 1.1, (s = 0.6, and L(®) = 1 (these values were not tuned; the algorithms are
fairly insensitive to them when reasonable settings are used).

E. Quasar-Convex Minimization Framework

In this section, we provide and analyze a general algorithmic template for accelerated minimization
of smooth quasar-convex functions. In Section F.1 we show how to leverage this framework to
achieve accelerated rates for minimizing strongly quasar-convex functions, and in Section F.2 we

4. Specifically, for GD, we decrease the step size ﬁ until the criterion f(z* 1) < f(z®)) — 2L1<k) [V (™))
is satisfied; for AGD and our method, the criterion is f(z**1) < f(y*®)) — L[|V f(y*®)||%. These criteria are

2L(F)
guaranteed to hold when " > L.

10
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show how to achieve accelerated rates for minimizing non-strongly quasar-convex functions (i.e.
when p = 0), as in Algorithm 1. For simplicity, we assume the domain is R".

Our algorithm (Algorithm 2) is a simple generalization of accelerated gradient descent. Given
a differentiable function f € R"™ — R with smoothness parameter L > 0 and initial point
(0 = (0 € R™, the algorithm iteratively computes points z(¥), v(¥) € R™ of improving “quality.”
However, it is challenging to argue that Algorithm 2 actually performs optimally without the
assumption of convexity. The crux of circumventing convexity is to show that there exists a way to
efficiently compute the momentum parameter a®) to yield convergence at the desired rate. In this
section, we provide general tools for analyzing this algorithm; in Section F, we leverage this analysis
with specific choices of the parameters o®) 3, and n®) to derive our fully-specified accelerated
schemes for both quasar-convex and strongly quasar-convex functions.

Algorithm 2: General AGD Framework
input: L-smooth f : R™ — R, initial point x(o) € R"™, number of iterations K

Parameter 3 € [0, 1] and sequences {a(* } {77 ! are computed as defined by the
particular algorithm instance, where a*) € [O 1] 77(’“) 2 >y . Set v = 20,
fork=0,1,2,..., K —1do

Set y®) = M) z® 1 (1 — o0)y(®)

Set w(k+1) — y(k) — lVf( k))

Set o™+ = gol) 4 (1 = gy — v f(y*)
end
return z (%)

We first define notation that will be used throughout Sections E and F:

Definition 2 Ler ¢) 2 f(2(F)) — f(z*), e 2 fy®)) — fz*),rk) & Hv(k) - x*”z,
() 2y g H ok 2 3 (27](k)a( )Vf(y(k))—r(l»(k) —o®) — (a®)2(1 - B) ||2») _U(k)H2>'

In the remainder of this section, we analyze Algorithm 2. We assume that f is L-smooth and (-, u1)
strongly quasar-convex (possibly with x = 0) with respect to a minimizer 2*. First, we use Lemma 1
to bound how much the function error of z(*) and the distance from v(¥) to 2* decrease at each
iteration. To prove this lemma we use the following elementary fact (see [40] for proof).

Fact1 If f is L-smooth and x = y — $Vf(y), then f(z) < f(y) — 5 IV F)|? for all y.
Additionally, if x* is a minimizer of f, then f(y) < f(z*) + & ||ly — z*||% for all y.

Lemma 1 (One Step Framework Analysis) Suppose f is L-smooth and (v, i)-quasar-convex
with respect to a minimizer x*. Then, in each iteration k > 0 of Algorithm 2 applied to f, it is the
case that

2(nM)2LekHD) | p k1) < g0 4 [ gy — wnw] P 4 24 [ Ly — 7} ) 4 Q¥

11
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Proof Let 2% £ gy(*) 4 (1 — B)y*). Since v+t = () — ()7 £(y*)), direct algebraic
manipulation yields that

pe+1) Hv(szrl) ot

2 Hz(m e n(fovf(y(k))ug

= [ = 2| + 2OV T - )+ R )| @

Using the definitions of z2(*) and y*), we have

L S T e )
= 5 4 (1= B — 81— BaWP2 [ 2" )

Fur’[her’ since U(k) = y(k) +a(k) (U(k) —LL‘(k)) and Z(k) = B’U(k) + (1 — ﬁ)y(k‘) — y(k) _}_a(k)ﬁ(v(k) _
:c(k)), it follows that

VM) (@ = 20) = V") (@ - y®) +a®pvf®) T (@™ - o). @)

Since (7, pt)-strong quasar-convexity of f implies —eék) > %Vf(y(k))—r(a:* —y®)) + %r‘qsk) and

the definition of z(*+1) implies HVf(y(k)) H2 < 2L[eg(/k) — e(k*+1D)] by Fact 1, combining with (2),
(3), and (4) yields the result. |

Lemma 1 provides our main bound on how the error () changes between successive iterations of
Algorithm 2. The key step necessary to apply this lemma is to relate f(y(¥)) and V f(y*) T () —
v(k)) to f (:L‘(k)), in order to bound Q(¥). In the standard analysis of accelerated gradient descent,
convexity is used to obtain such a connection. In our algorithms, we instead perform binary search to
compute the momentum parameter o) for which the necessary relationship holds without assuming
convexity. The following lemma shows that there always exists a setting of (*) that satisfies the
necessary relationship.

Lemma 2 (Existence of “Good” o) Ler f : R" — R be differentiable and let x,v € R". For
o € R define yo, £ ax + (1 — a)v. For any ¢ > 0 there exists o € [0, 1] such that

aVf(ya) ' (= v) < e[f(2) = f(ya)] - 5)
Proof Define g(a) £ f(ye). Then for all & € R we have ¢'(a) = Vf(ya) ' (z — v). Consequently,
(5) is equivalent to the condition ag’(a) < ¢[g(1) — g(a)].

If ¢’(1) < 0, inequality (5) trivially holds at o« = 1; if f(v) = ¢g(0) < g(1) = f(x), the inequality
trivially holds at o = 0. If neither of these conditions hold, ¢’(1) > 0 and g(0) > ¢(1), so Fact 2
from Section G.1 implies that there is a value of « € (0, 1) such that ¢’(«) = 0 and g(«) < g(1),
and therefore this value of « satisfies (5). Figure E illustrates this third case graphically. |

In our algorithms we will not seek o € [0, 1] satisfying (5) exactly, but instead « € [0, 1] such that

aVf(ya)'(z —v) = a®bllz —vl* < ¢[f(z) - f(ya)] + &, (6)

12
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Va=v) Va=x)

Figure 3: Tllustration of Lemma 2. g(«) is defined as in the proof of the lemma; here, we depict the
case where g(0) > ¢g(1) and ¢'(1) > 0. The points highlighted in green satisfy inequality
(5); the circled point has ¢’(a)) = 0 and g(«) < g(1). Here ¢ = 10.

for some b, c, € > 0. As (6) is a weaker statement than (5), the existence of « satisfying (6) directly
follows from Lemma 2. Moreover, we will show how to lower bound the size of the set of points
satisfying (6), which we use to bound the time required to compute such a point.

We can thus bound the quantity Q) from Lemma 1 by selecting o) to satisfy (6) with appropriate
settings of b, ¢, €, which we do in Lemma 3.

Lemma3 If (3 > 0and o™ € (0,1] satisfies (6) with x = *) v = o) p = 217;3 ,C= L”(Z)M’,
orif 8 =0and a'®) =1, then

QW < 25(k) [( In® — ) - (¢®) — e®)) 4 Bg} ' %

Proof First suppose § > 0. As by definition y*) = o z(*) 4 (1 — a®))p*) and Ly®*) > ~,
applying (6) yields

2 (1 — (k) _ (0|2
Q®) = 2n®) (a(k)vf(y(k))T(x(k)_U(k))_ (a(k)) (1-5) H;; - v®|| >

(k) —
< 26y (L”kﬁ”[fw» — Fy™)]+ e) = 2®) (1Ln® — 4] [ — P + ge) .

Alternatively, suppose 8 = 0. Then Q%) = 0 as well; if we select (%) = 1, then y*) = 2(¥) and
(7) trivially holds for any €, as e?(f) =€), |

Now, in Algorithm 3 we show how to efficiently compute an « satisfying inequality (6).

13
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Algorithm 3: BinaryLineSearch(f,z,v, L,b,c, €, [guess])
Assumptions: f is L-smooth; z,v € R™; b, ¢, € > 0; “guess” (optional) is in [0, 1] if provided.
Define g(a) £ f(az + (1 —a)v)and p 2 b ||z — v|>.
[if cg(guess) + guess - (¢’ (guess) — guess - p) < cg(1) + € then return guess|
if ¢’(1) < € + p then return 1;
else if c = 0 or g(0) < g(1) + €/c then return O;
A=
lo< 0hi< 7,07
while cg() + a(¢' (o) — ap) > cg(1) + édo
a < (lo+ hi)/2
if g(a) < g(7) then hi + «;
else lo < «;
end
return «

The basic idea behind Algorithm 3 is as follows: as in the proof of Lemma 2, let g(a) = f(ax +
(1 — a)v) be the restriction of the function f to the line from v to x. If either g(0) < g(1), or g is
decreasing at a = 1, then (5) is immediately satisfied. If this does not happen, then ¢(0) is greater
than g(1) but ¢’(1) > 0, which means that at some « € (0,1) with g(«) < g(1), the function g
must switch from decreasing to increasing, and so ¢’(a)) = 0. Such a value of « also satisfies (5).
Algorithm 3 uses binary search to exploit this type of relationship and thereby efficiently compute a
value of o approximately satisfying (5) (i.e., satisfying (6)). In Lemma 4 (proved in Section G.1), we
bound the maximum number of iterations that this algorithm can take until (6) holds and it thereby
terminates. Note that derivatives of g may be computed cheaply by a simple finite difference scheme
(e.g. approximating ¢’(a) by h=!(g(a + h) — g(c)) for sufficiently small h); L-smoothness of f
allows us to bound this approximation error as a function of h.

“guess” is an optional argument to the function. If used, the value of “guess” will be tested first, and
chosen as the value of « if it satisfies (6).

Lemma 4 (Line Search Runtime) For L-smooth f : R™ — R, points x,v € R"™ and scalars
b,c, € > 0, Algorithm 3 computes o € [0, 1] satisfying (6) with at most

7+2 [logf ((4+ )min { 4, Haelo ) ]

function and gradient evaluations.

In summary, we achieve our accelerated quasar-convex minimization procedures by setting n®). 3,
and ¢ appropriately and computing an o) satisfying (6) via binary search (Algorithm 3). By
carefully lower bounding the length of the interval of values of k) satisfying (6), we ultimately
show that this binary search only costs a logarithmic factor in the algorithm’s overall runtime.

14
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F. Algorithms

In this section, we develop algorithms for accelerated minimization of strongly quasar-convex
functions and quasar-convex functions, respectively, and analyze their running times in terms of the
number of function and gradient evaluations required.

F.1. Strongly Quasar-Convex Minimization

First, we provide and analyze our algorithm for (-, i1)-strongly quasar-convex function minimization,
where 1 > 0. The algorithm (Algorithm 4) is a carefully constructed instance of the general AGD
framework (Algorithm 2).

As in the general AGD framework, the algorithm maintains two current points denoted 2*) and v(¥)
and at each step appropriately selects y*) = o/(F) (%) 4 (1— a(k))v(k) as a convex combination
of these two points. Intuitively, the algorithm iteratively seeks to decrease quadratic upper and
lower bounds on the function value. L-smoothness of f implies for all x,y € R" that f(x) <
Uy(z) £ f(y) + VIy) (x —y) + Lz —y|| we set 2+ to be the minimizer y*) — Lvy*)
of the upper bound U, ). Similarly, by (v, u) quasar-convexity, f(z) > f(z*) > min; Ly(z) for
all z,y € R, where L,(z) £ f(y) + %Vf(y)—r(x —y) + 4|z — y||>. The minimizer of the

lower bound L, ) is yk) — #Vf(y(k)); we set vT1) o be a convex combination of v(¥) and the
minimizer of L ).

Algorithm 4: Accelerated Strongly Quasar-Convex Function Minimization
input: L-smooth f : R™ — R that is (v, u)-strongly quasar-convex, with x> 0

input : Initial point z(®) € R", number of iterations X, solution tolerance e > 0
return output of Algorithm 2 on f with initial point 2 and parameter 3 =1 — v %,
where for all k, n¥) = np & _L_

VL’
and ') = BinaryLineSearch(f,z® o®) L b= %, c= Lnﬁf'y, €=0)if 5 > Oelse 1.

We leverage the analysis from Section E to analyze Algorithm 4. First, in Lemma 5 we show that the
algorithm converges at the desired rate, by building off of Lemma 1 and using the specific parameter
choices in Algorithm 4.

Lemma 5 (Strongly Quasar-Convex Convergence) If f is L-smooth and (7, j1)-strongly quasar-
convex with minimizer x*, 7y € (0, 1], and p > 0, then in each iteration k > 0 of Algorithm 4,

(k+1) | B (k+1) _0 (k) L B (k)
€ +2r _(1 \/E){E +2r }, (8)

where €®) & f(zF))— f(2*),r®) & ||o®) —z*||2, and k £ % Therefore, if the number of iterations

K > [@ log™ (%)-‘, then the output %) of Algorithm 4 satisfies f(x(5)) < f(z*) + e

Proof For all k, n*) = 5 = \/}ﬁ > (2_3)L2 > 7 as required by Algorithm 2, since (2_77)1—4 >
p > 0 by Observation 1 and 5% > 22 for all z € [0,1]. Similarly, since 0 < # < 2%
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and v € (0,1], we have 0 < vk = 7\/% < /7(2—7) < 1, meaning that 8 € [0,1).
Additionally, by construction, either 5 = Oand a(k) =1,0r3>0,a® €0,1],and (o, ., Yo, v) =

(a®) 2(B) (k) (k) satisfies (6) with b = 2 (k) ,c= L"(g*’y, ¢ = 0. Consequently, by combining

Lemmas 1 and 3, for each iteration £ > 0 of Algorithm 4 we have

27 Let ) 4 p D < 8r(®) 4 [(1 = B) — yun) r{¥) + 25 [Ly — ] ®) + 28ne

Substituting in ) = ﬁ = 177 and € = 0, this implies that

2 2 L

2 _(k+1) (k+1) (k) .. = =

€ +r < Br\"™ + 0l
W VL ! W

Multiplying by /2 and using the definition of 3 as 1 — ﬁ yields (8). Now, by (8) and induction,

W hw (1o ) [0 bo] < LN ORI
€ +2r _(1 ﬁ)[ —1—2 }_exp NG [e —1—2r }

4“:5P“+2“ﬂ‘
1

(0) 4 £,.(0)
Therefore, whenever k > @ log™ <E+€gr> we have e(f) = f(:n(k)) — f(x*) <e as rk) >0

always. By Corollary 1, QET(O) > %r(o), so it suffices to run k > [@ log™ (3;—?)1 iterations. W

Note that when f is (1, )-strongly quasar-convex with x4 > 0, Lemma 5 implies that the number of
iterations Algorithm 4 needs to find an e-approximate minimizer of f is of the same order as the
number of iterations required by standard AGD to find an e-approximate minimizer of a y-strongly
convex function [40]. In each iteration of Algorithm 4, we compute (%) and then simply perform
O(1) vector operations to compute y(k), k1) and v+, Consequently, to obtain a complete
bound on the overall complexity of Algorithm 4, all that remains is to bound the cost of computing
a®), which we do using Lemma 4. This leads to Theorem 3.

Theorem 3 If f is L-smooth and (v, p)-strongly quasar-convex with v € (0,1] and p > 0,
then Algorithm 4 produces an e-optimal point after O <7*1/@1/2 log (’yflka) log™ ( Z(O)) G ))

function and gradient evaluations.

Proof Lemma 5 implies that O (@ log™ (i—?)) iterations are needed to get an e-optimal point.

2
Lemma 4 implies that each iteration uses O (logJr ((1 + ¢) min {M L }>> function and

) B3
_ 18 _ WKL _yp . Im—y _ LIn— \/7
gradient evaluations. In this case, b = o = vl = 2 CT TF T A = k> ’

and € = 0. Thus, this reduces to O(log™ (\fﬁ—;)) = O(log(%)). So, the total number of required
function and gradient evaluations is O (\f log ( ) log™ (6( )>> as claimed.

Note that Lemma 5 shows that z(¥) will be e-optimal if k = {ﬁ log™ (Lm)—‘ while the above

ye

argument shows that O (*f log ( ) log™ < )) function and gradient evaluations are required
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to compute such an z(*). Thus, Algorithm 4 produces an e-optimal point using at most this many
evaluations; however, of course, the algorithm need not return instantly and may still continue to
run if the specified number of iterations K is larger. (Future iterates will also be e-optimal.) |

Standard AGD on L-smooth y-strongly-convex functions requires O (nl/ 2log™ (M))
function and gradient and evaluations to find an e-optimal point [40]. Thus, as the class of L-smooth
(1, p)-strongly quasar-convex functions contains the class of L-smooth -strongly convex functions,
our algorithm requires only a O(log(k)) factor extra function and gradient evaluations in the smooth

strongly convex case, while also being able to efficiently minimize a much broader class of functions
than standard AGD.

F.2. Non-Strongly Quasar-Convex Minimization

Now, we provide and analyze our algorithm (Algorithm 5) for non-strongly quasar-convex function
minimization, i.e. when . = 0. (This is exactly Algorithm 1 from the body, written precisely.) Once
again, this algorithm is an instance of Algorithm 2, the general AGD framework, with a different
choice of parameters. We assume L > 0, since otherwise quasar-convexity implies f is constant.

Algorithm 5: Accelerated Non-Strongly Quasar-Convex Function Minimization
input: L-smooth f : R™ — R that is y-quasar-convex

input: Initial point 20 ¢ R™, number of iterations K, solution tolerance ¢ > 0
Define w(~Y =1, w®) = # < (wh=1)2 +4 — w(k_1)> for k > 0.

return output of Algorithm 2 on f with initial point z(°) and parameter 5 = 1,
where for all k, n*) = ﬁ,
and o®) = BinaryLineSearch(f,z®,v® L .b=0,c=[Ln®) —~] &= ).

Lemma 6 (Non-Strongly Quasar-Convex AGD Convergence) If f is L-smooth and ~-quasar-
convex with respect to a minimizer x*, with v € (0, 1], then in each iteration k > 0 of Algorithm 5,

OB T(O)] n

k
k) < ﬁ

~ (k+2)7 [
where €%) & f(z®)) — f(z*) and r*) £ Hv(k) - :C*H2 Therefore, if R > Hx(o) — a*|| and
the number of iterations K > L47_1L1/2Re_1/2J, then the output %) of Algorithm 5 satisfies
F@®)) < f(@*) +e.

€
5 ) (9)

Combining the bound on the number of iterations from Lemma 6, and the bound from Lemma 4
on the number of function and gradient evaluations during the line search, leads to the bound in
Theorem 1 on the total number of function and gradient evaluations required to find an e-optimal
point. For ease of exposition, the proofs of Lemma 6 and Theorem 1 are given in Section G.2.

Theorem 1 If f is L-smooth and ~-quasar-convex with respect to a minimizer x*,
with v € (0,1] and Hx(o) — x*H < R, then Algorithm 1 produces an e-optimal point after
0] (7_1L1/2Re_1/2 log™ (7_1L1/2R6_1/2)) function and gradient evaluations.
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Note that standard AGD on the class of L-smooth convex functions requires O (L'/2Re~1/2)
function and gradient evaluations to find an e-optimal point; so, again, our algorithm requires only a
logarithmic factor more evaluations than does standard AGD.

F.3. Line Search Initial Guess

In the above analysis, we do not assume that an initial guess is passed to the line search (Algorithm 3).
However, in some cases, a reasonable initial guess can speed up the algorithm by allowing the line
search to be circumvented a large portion of the time. For instance, at each step k£ we could use the

o®) specified in the standard version of AGD as a guess: \/\E/il in the strongly quasar-convex case

(Algorithm 4), and 1 — w*) in the non-strongly quasar-convex case (Algorithm 5). In this case, if f
is convex or strongly convex (and thus v = 1), the respective algorithms are equivalent to standard
AGD [40], since the initial guess always satisfies the necessary condition (6) by convexity [in fact, it
satisfies the stronger (5)] and will thus be chosen as the value of «®) | and, aside from the choice of
o) the algorithms are otherwise equivalent to standard AGD when v = 1. Moreover, even if f is
nonconvex, checking this initial guess costs at most one extra function and gradient evaluation each
per invocation of Algorithm 3.

G. Algorithm analysis

Here, we provide proofs deferred from Sections E-F.
G.1. Line search analysis
We first present a simple fact that is useful in our proofs of Lemmas 2 and 4.

Fact2 Suppose that a < b, g : R — R is differentiable, and that g(a) > g(b). Then, there is a
¢ € (a,b] such that g(c) < g(b) and either g'(¢) =0, or ¢ = b and g'(c) < 0.

Proof If ¢'(b) < 0, the claim is trivially true. If not, then ¢’(b) > 0, so the minimum value of g on
[a, b] is strictly less than g(b) (and therefore strictly less than g(a) as well). By continuity of g and
the extreme value theorem, g must therefore attain its minimum on [a, b] at some point in ¢ € (a, ).
By differentiability of ¢ and the fact that ¢ minimizes g, we then have ¢'(¢) = 0. |

Using Lemma 2 and another simple fact, we can prove Lemma 4.
Fact3 Suppose f is L-smooth. Define g(o) £ f(ax + (1 — a)v); then, g is L ||z — v||*-smooth.

Proof By L-smoothness of f, |V f(z) — Vf(y)|| < L |z —y| for all z,y. So,

IV (y(en)) = V() = [V flarz + (1 — ar)o) = V(s + (1 - az)o)]|
< Lf|(a1 - az)a — (a1 — az)o]| = Llas — asf | — o]
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By definition of g and the Cauchy-Schwarz inequality,

|9/ (@1)—g'(a2)| = [V f(y(a1) T (z—v) =V f(y(az)) " (z—0)| < |V f(y(ar)) = V(y(az))]l & =],

50 |¢'(a1) — ¢'(an)| < L& — v||* |ay — as| as desired. ]

Lemma 4 (Line Search Runtime) For L-smooth f : R" — R, points x,v € R" and scalars
b, c, € > 0, Algorithm 3 computes « € [0, 1] satisfying (6) with at most

7+2 [logj ((4+ c) min{%v LHZ*_EW}N

function and gradient evaluations.

Proof DeﬁneAIA/ 2 L ||z — v||* by Fact 3, g is L-smooth. _Thus, if g'(1) > € + p, then
g (t) > é+p— L|1 —t|forallt € R, so, recalling that 7 = 1 — <2, we have ¢’(7) > 0 and

L
1 1
~ - ~ 7 L(r2—1
g(T)—g(l)z—/g’(t)dt< —/(e+p—L(1—t))dt=(T—l)(6+p—L)+(2)
__ (¢+p)? ~ (E+p)? /= _ (¢+p)?
=5 +(e+p)+—2£ (€+p) = o7

Recall that the loop termination condition in Algorithm 3 is a(¢'(«) — ap) < ¢(g(1) — g(a)) + €.
First, we claim that the invariants g(lo) > ¢(7), g(hi) < g(7), and ¢’(hi) > € hold at the start of
every loop iteration. This is true at the beginning of the loop, since otherwise the algorithm would
return before entering it. In the loop body, hi is only ever set to a new value « if g(a) < g(7). If the
loop does not subsequently terminate, this also implies ¢’(«) > € since then

a(g' (@) —ap) > c(g(1) — g(@) + € > c(g(1) —g(1)) +é> €.

Similarly, lo is only ever set to a new value « if g(«) > ¢(7). Thus, these invariants indeed hold at
the start of each loop iteration.

Now, suppose o = (lo + hi)/2 does not satisfy the termination condition. If g(a) < g(7), this
implies ¢’'(a) > €. As g(lo) > g(7) > g(«), by Fact 2, there must be an & € (lo, ) with ¢’(&) = 0
and g(&) < g(7) [and thus satisfying the termination condition]. The algorithm sets hi to «, which
will keep & in the new search interval [lo, «/].

Similarly, if g(a)) > g(7), then since g(7) > g(hi) and ¢’(hi) > 0, there must be an & € («, hi)
with ¢’(&) = 0 and g(&) < g(7) [and thus satisfying the termination condition], by applying Fact 2.
The algorithm sets lo to «, which will keep & in the search interval. Thus, there is always at least
one point & € [lo, hi] satisfying the termination condition.

In addition, note that if an interval [z1, z2] C [0, 7] of points satisfies the termination condition, then
at every loop iteration, either the entire interval lies in [lo, hi] or none of the interval does, i.e. either
[21, 22] C [lo,hi] or [z1, z2] N [lo, hi] = (). The reason is that if a point « satisfies the termination
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condition we terminate immediately. If not, then « is not in an interval of points satisfying the
termination condition, so either zo < « or z; > «. Thus, all intervals of points satisfying the
termination condition either disjointly lie in the set of points that remain in our search interval, or
the set of points we throw away (i.e. an interval of satisfying points never gets split).

Suppose that a € [0, 7], ¢'(a) = 0, and g(«) < g(7). Note that if p + ¢ > L and ¢'(a) = 0,
then by L-smoothness of g, we have ¢/(1) < é+ p. So, it must be the case that p + ¢ < L if
Algorithm 3 enters the binary search phase. By ﬁ—Lipschitz continuity of gf , we have that for all
t, |g' ()] = 1¢'(t) — g'(e)| < LIt — o] and g(t) — g(7) < g(t) — g(a) < §(t — @)?. So, forall
t € la/2,71],

Hg'(t) — tp) + elg(t) — 9(r)) < ULIE — af = (t — a)p) + F(t — a)* ~ atp
< (La+$)+p)-It—al - a*p/2.

2 ~
2 .
Suppose |t — a| < Aap/iﬂ. Then, (L(l +5) +p> |t —al—a?p/2 <&
L1+5)+p
o’p/2+E a’p/2+é i|
L(14-¢/2)+p’ o+ L(14¢/2)+p
< /2, the lower bound of the first
a’p/2+¢
L(14¢/2)+p
the first interval contains /2, ] as does the second interval, so the intersection of the two intervals

. . . s fa o’p/2+E
contains [av/2, a]. Therefore, the length of the interval is at least min{§, T(te/2)1p }.

So,ifa € [0, 7], ¢'(a)) = 0,and g(«) < g(7), then all points in the interval [a -

. . . .. a’p/24-¢
[a/2, 7] also satisfy the termination condition. If Ttc/2)ip

interval is > «/2 and the intersection of the two intervals contains [oc — , a. If not, then

If ¢'(a) = 0 and g(a) < g(7), then g(0) < g(7) + %aQ by L-smoothness. Since g(7) + (p;?Q <

p+é pP/(2L2) +¢
L+

1) < g(0), this implies o > EF€. Therefore, the interval length is at least min —,
g9(1) < g(0) p 7 g {2L Lt c/2)

> min

p+é p*/2LY) +E| _ p/(2L?) +¢
2L 7 (2+¢/2)L | (2+¢/2)L

Note that

p?/(2L2) + ¢ P €
————— >max —, -

(2+4¢/2)L (4+c)L3 (2+¢/2)L
p =bllz — v||%. So, the interval length is at least

}. Recall that L = L ||z — v||* and

p*/L2+E p* é
(24¢/2)L = max { (4+4¢) L3’ (2+c/2)£}

_ b3 é
— max { (4+c) L3 (2+c/2)£} :

Since we know at least one such interval of points satisfying the termination condition is always
contained within our current search interval, this implies that if we run the algorithm until the

current search interval has length at most max { 0 }, we will terminate with a

b3 €
44c)L37 (24¢/2) L]|z—v|
point satisfying the necessary condition. As we halve our search interval (which is initially [0, 7] C
2
[0, 1]) at every iteration, we must therefore terminate in < {loggr ((4 + ¢) min { %—33, @ }ﬂ
iterations.
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Before each loop iteration (including the last which does not get executed when the termination con-
dition is satisfied), we compute g(«) and g’ (), so there are two function and gradient evaluations per
iteration; there are also (at most) five before the loop, to evaluate ¢(0), g(1), ¢’ (1), g(guess), ¢’ (guess).
Thus, the total number of function and gradient evaluations made is at most

7+2 [mg; ((4 + ¢)min { L2 Lol }ﬂ

Note that we define min{z, +oo} = x forany x € R U {+o0}. Note also thatif b = 0 and L = 0,
or if € = 0 and either L = 0 or x = v, the above expression is technically indeterminate; however,
observe that g is constant in all of these cases, so one gradient evaluation is performed and the point
a = 1 is returned (or, if an initial guess is passed in, then there are three evaluations — g(guess),
g’ (guess), and g(1) — and the point “guess” is returned). |

G.2. Quasar-convex algorithm analysis

Lemma 7 Suppose w1 =1 and w®) = % (w(kl) (w(’“_l))2 +4 - w(k1)>> for k > 0.

In the following sub-lemmas, we prove various simple properties of this sequence:

4
Lemma 7.1 w®) < 6 forall k > 0.
Proof The case k = 0 is clearly true as w(®) = \/52_1 < % Suppose that w1 < - for some
1+

(i—1) )
d 5 ( (w(ifl))2 +4— w(ll)). Using the fact that Vo2 +1 < 1+ % for all

x and the fact that w(~1) € (0, 1),

i—1 (i—1)\2 i—1
W@ < wl Y (2 — = 4 (('02)> < 1) (1 _ wl )> )

i>1. 00 =

2 4
Ify > 0, then z(1 - §) < 41 forall 0 < o < 2. Thus, setting y = i + 5 yields that w(®) <
by the inductive hypothesis. |
Lemma 7.2 w®) > P forall k > 0.
4 1
Proof The case k = 0 is clearly true as w(® = @ > % Suppose that w1 > - 1 for some

i > 1. Observe that the function h(z) = 3(x(v/2? +4 — x)) is increasing for all 2. Therefore,

W = b ) > h(ghy) = iy (e +4- ) = g (VAGF D71 - 1),
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212
Now, it just remains to show that /422 +1 > 1
x

4% (x + 1)? = 4a* + 823 + 422, s0

+ 1 for all z > 0. To prove this, note that

Arh 34 g2 Axt 403 1 4y 22 2
4x2+1:w+8x—;x+12 :1:+:1:—|;a; 1 )
(x+1) (x+1) r+1
, 1 , 1 2(i + 1)? 1
Thus, (l>>7( (i1 1)2 1_1)> . - . ]
us, W 2 gagyr (VAH DR S0+ 1?2 (i+v2) it2

Lemma 7.3 w®¥) € (0,1) for all k > 0. Additionally, w™®) < w*=1 for all k > 0.

Proof The fact that w*) > 0 follows from Lemma 7.2. To show the rest, we simply observe that
T(WVa?+4—z) < Z=1forallz > 0;asw™Y =landw® = J({/(wk-D)2 4 4 — (1)

w1 for all k > 0, the result follows. [ |
Ml 1 8
k) _ k)\~
Lemma 7.4 Define s®*) =1 + i:EO ol Then, (3( )) < r2e forall k > 0.

k-1 ,.

6 k(k+11)+8 k(k+4)+4

Proof Applying Lemma 7.1, sk) > 1 4 E (2 + > = (k+11) + > (k+4)+
Pt 4 8 8

1 2 e 8
s(k+2)% and so (s'*)) S ETE [ |

Lemma 6 (Non-Strongly Quasar-Convex AGD Convergence) If f is L-smooth and vy-quasar-
convex with respect to a minimizer x*, with vy € (0, 1], then in each iteration k > 0 of Algorithm 5,

< 8 [6<0> N L2T<0)] N

=+ % ©)

€
2 )
where ¢®) & f(z(®) — f(2*) and r*) 2 Hv(’“) —x*”z. Therefore, if R > Hﬂf(o) — a*|| and
the number of iterations K > L47*1L1/2Re*1/2J, then the output x5 of Algorithm 5 satisfies
F(@5) < f(a) + e

Proof In the non-strongly quasar-convex case, i = 0 and 8 = 1. For all k, n®) = ﬁ > 7 since
W

w®) € (0,1) by Lemma 7.3. Additionally, o*) is in [0, 1] and (e, 2, ¥, v) = (a®) 2®) 4E) 4 k)

satisfies (6) with b = 2177;(,?) =0,c= % = Ln(k) — v by construction. Lemmas 1 and 3 thus

imply that for all £ > 0,

2(nM)2LekHD) | p k1) < 1) (k) ( Ly — 7) e®) 4 op(k)g | (10)
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Define A%) £ 9 (17(]“))2 L—277(k)'y. So, (A(k) +27’](k)"}/)6(k+1) + 1) < AKR) (k) 4 pe(R) +2n(k)€.
Notice that (w*+1))2 = (1 — w*E+D)(W*)2 and w*) € (0,1) for all k > 0. So,

of L L\ _ 2P [1-w®D .y
202 Lokt T [2(p®)2 L \ (@2 ~ (e :
So, AG+) = A0 4 2Ky — 9((R))2 L,
2 2 2
©) — 92 9O —g Vo ¥ 207 g _ VB
Also, A 2(n\9)2L — 2nP)y 2L(w(0))2 2Lw(0) 7 asw 5

9 2 k—1 9 2 k—1 1
Thus, by induction on k, A%) = Ty QWZU(i) = %s(k), where s(F) £ (1 + )

From (10) and the fact that A%+ = 2((*))2L, we have
k—1
AW 4y 8 < AG=DE=D =D gDz < . < AOKO) 410 1 223 0, (1)
1=0

So, as rk) >0,

k—1
e < (AW)71 (A 470 1 2(A0) 71y (D
1=0
L 9~2 k-1 ! k—1
— (=1 (27 (0) 4 ,.(0) i @) . @
272( ) <L6 +r >+ 27 L—|— 7 26§ n

- 8
Now, € = % by definition and (s(k)) ! < (DL by Lemma 7.1, which yields the bound on
ek),
For the iteration bound, we simply require K large enough such that ﬁ (e(O) 4 27%7"(0)> <
Observe that as f(z(0)) < f(z*) + % Hm(o) - :L'*H2 by Fact 1, ¢©) < %r(o) < #r(o).

Nl

So, it suffices to have ﬁ (f—ﬂ‘(o)) < 5. Rearranging, this is equivalent to K + 2

4y 1LV2Re1/2 a5 (O = R2. As K must be a nonnegative integer, it suffices to have K
[47‘1L1/2Re_1/2j .

myv v
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Theorem 1 If f is L-smooth and ~-quasar-convex with respect to a minimizer z*,
with v € (0,1] and Hx(o) — x*H < R, then Algorithm 1 produces an e-optimal point after
0] (7*1L1/2Re*1/2 log™* (7*1L1/2R6*1/2)) function and gradient evaluations.

Proof Lemma 6 implies O('y_lLl/ 2Re=1/ 2) iterations are needed to get an e- optimal point. Lemma

N . + . L||a® —o®)|? .
4 implies that each line search uses O | log™ ( (1 + ¢) min { *———1—, b function and

€

gradient evaluations. In this case, b = 0, ¢ = Ln®) — v =~ ﬁ — 1), and ¢ = 5. By Lemma

72and 7.3,1 < ﬁ < k + 2 for all £ > 0. Thus, the number of function and gradient evaluations

required for the line search at iteration k of Algorithm 5 is O <10g+ ((vk‘ + 1)LH$H>>

Now, we bound Hx(’“) — (k) H2 To do so, we first bound Hv(’“) —x* H2 = (%), Recall that equation

k—1
(11) in the proof of Lemma 6 says that A®)e(®) 4 (k) < A0 1 #0) 4 2¢ 5 5() | where

Al) & i (1 + Z h)) As A®) ¢(®) > this means that

k—1
2
HB) < 4(0)0) 4 ,(0) W27 0, 0, € 1
A©O) 4 —i-QEZn +rO 4 sz(i),
1=0
using that n(") = 7. €= %, and A0 = 27 (as previously shown in the proof of Lemma 6).

k—1 kl

Now, by Lemma 7.2 we have that E m < Z (1+2) = (k; 3 and by L-smoothness of f and

Fact 1 we have that ¢(9) < % (0) < —r( ). Thus for all k£ > 1, we have

2ek(k+3 2¢k?
T(k) < 27“(0) + ol 2(L+ ) < 2(R2 + Y Lk )

9

asr® = RZand k + 3 < 4k for all k¥ > 1. In fact, the above holds for k¥ = 0 as well, because (k)
is simply 7() in this case.

By the triangle inequality, ||v(*) — »(k—1) H < Hv(k — x*H + Hv (k=1) — 36*“ < 2\/@~
Since 3 = 1, we have that v*=1) —p(*=1D)¥ £ (3 (*=1)) and so Hv(k U“”H = plk=1) HVf(y(k*I))H-
Thus,

|VH@E)| < o)t ay/ame + 5 = Loty s+ ) L )

Now, by definition of z(¥), v(¥), and y*—1),
2(B) _ (k) — y(kfl) _ %vf(y(kq)) _ )
= oFD g1 (1 — k=D (k=1) %Vf(y(k_l)) 0

_ Oz(k_l)SU(k—l) + (1 o a(k—l))v(k—l) . %Vf(y(k_l)) - <U(k_1) B n(k_l)Vf(y(k_l)))
a(kfl)(x(kfl) - U(kfl)) + (n(kfl) - %)Vf(y(kfl)) )
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Therefore,
Hmw) () H < ok~ Hx(k—n _ k-1 H n ‘nuc—l) _ %‘ . va(y(k_l))H
< [|lat=1 — =0 4 (nw—l) + %> : va(y(k_l))H
< [e®D —pt0| 4 2 va(y(k_l))H
< lz®=D — =Dl 4 4=14/32(R2 + @)
< ||z® =D — =Dl 4 /32471 (R + 7%@) ,
where the first inequality is the triangle inequality, the third inequality uses that n(*~1) = ﬁ

and that v, w*~1 ¢ (0,1], the fourth inequality uses (12), and the final inequality uses that

Va+0b<\/a+bforanya,b> 0.

As this holds for all £ > 1, we have by induction that for all & > 0,

k

k
= 40+ S i) =S ()
j=1

J=1

since z(9) = v(9)_ Simplification yields H:I,‘(k) — (k) H < V32ky 'R 4 V8k(k + 1),/ For all
k > 1, itis the case that k£ + 1 < 2k, so Ha:(k) — k) H <32 (k:fy_lR + k2 \/%), this inequality
holds for k = 0 as well, as HIL‘(O) — 20 H = 0 in this case.

Suppose k < L47_1L1/2Re_1/2J. Then

Hm(k) _ v(k)H < V32 (47*1L1/236*1/2 'R 4167 2LR% . \E)
=80V2 -y 2LY2R%e 12
, o : n L|2®) o) || .
Recall that the line search at iteration k requires O ( log™ ( (vk + UT function

(k) _y(k) ||?
LB < (4pV2Re 12 4 1) - 12800(y P L2RY ).
Therefore, each line search indeed requires O (logJr ('y_lLl/ 2Re Y/ 2)) function and gradient
evaluations.

and gradient evaluations. (vk + 1)

ye

As the number of iterations k is O(y~'L'/2Re~1/2), the total number of function and gradient
evaluations required is thus O (y'LY/2Re~1/2log™ (v ! LY/2Re~%/2)), as claimed.

As in the strongly convex case, the algorithm may continue to run if the specified number of iterations
K is larger; however, this theorem combined with Lemma 6 shows that ) will be e-optimal if
k= L47_1L1/2Re_1/2j , and this (¥ will be produced using O (fy‘lLl/zRe_l/2 log™ (7_1L1/2R6_1/2))
function and gradient evaluations. (Iterates (*) with &’ > |[4y"'LY/2Re~'/2] will also be e-
optimal.) |
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Remark 1 [f f is L-smooth and ~y-quasar-convex with v € (0,1] and Hx(o) — as*H < R, then
gradient descent with step size % returns a point x with f(z) < f(x*) + € after O ('y_lLR?e_l)
function and gradient evaluations.

Proof See Theorem 1 in [24]. |

H. The structure of quasar-convex functions

In this section, we state and prove some useful properties of quasar-convex functions.

Lemma8 Ler f : R™ — R be differentiable with a minimizer x*. Then, the following two
statements:

fltz"+(1—t)x)+t <1 — 2f7> % 2" — z||* < ytf(a*)+ (1 —~t) f(x) Vo € R?, t € [0,1]
(13)
f@®) > f(x) + in(m)T(x* —x)+ g ||lx* — a:H2 Vo e R" (14)

are equivalent for all p > 0, v € (0, 1].

Proof First, we prove that (14) implies (13).

Suppose (14) holds and y = 0. Let = € R™ be arbitrary and for all ¢ € [0, 1] let 7; = (1 —t)z* +tz
and let g(t) 2 f(x;) — f(2*). Since ¢'(t) = Vf(x) " (x — 2*) and 2* — zy = —t(2* — 1),
substituting these equalities into (14) yields that g(¢) < % g'(t) forall ¢t € [0, 1].

Rearranging, we see that the inequality in (13) [for fixed z] is equivalent to the condition that
g(t) < £(t) for all t € [0,1], where £(t) = (1 — (1 —t))g(1). We proceed by contradiction:
suppose that for some « € [0, 1] it is the case that g(a) > ¢(«). Note that & > 0 necessarily. Let 3
be the minimum element of the set {t € [, 1] : g(t) = ¢(¢)}. Since g(1) = £(1), such a § exists
with o < 3. Consequently, for all ¢ € (a, §) we have g(t) > ¢(t) and so

B
/ §(t)dt = g(8) — g(a) < £(B) — £(a) = (B — a)g(1) (15)
and 5 5
(5—04)9(1):/ %dtﬁ/ l—fgyg?—t)dt' (16)

Combining (15) and (16) and using that g(¢) < %g’(t), we have

As g(t) = f(zy) — f(z*) > 0and 1/t > 1/(1 — (1 —t)) forall t € [, 5] C (0, 1], we have a
contradiction.
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Now, suppose z > 0. Define h(z) = f(z) — % ||z* — z||%. Observe that h(z*) = f(z*),
-
Vh(z) = Vf(z)— 27_“ (z —2*),and Vh(z)T (z* —2) = Vf(2)T (z* — 2) + % la* — ||,

Thus, by algebraic simplification and then application of (14) by assumption,

1 o) (@* — ) = flz) — - |z -z 1 ) (z* -z B g — ol
ha) + 2 Vhia) (o = 2) = Flo) = g o —all + 2 V1) (@ =)+ o =

_ 1 Trx H * 2( g 2
— @)+ LI )+ e =l (5 )

1 * B«
= flz)+ ;Vf(x)T(x —2)+ 5 lle” - il
< f(z%) = h(z") .
As we earlier showed that (14) implies (13) in the x« = 0 case, we have that

h(tz* + (1 — t)z) < yth(z™) + (1 —yt)h(x) .

Substituting in the definition of A:

flta* + (1 —t)z) — ﬁ 2% — ta* — (1 — t)z?
<At + (=90 f(@) = (1=t g5l = al

Rearranging terms and simplifying yields

flta+ (1= 00) + g (1=t o =l = (L= 1) " )

SAtf(a®) + (1L =~t)f(x) .
Finally, (1 —~t) — (1 —t)? = t((2 — ) — t), which gives the desired result.
Now, we prove that (13) implies (14).
This time, define g(t) £ f(tz* + (1 — t)z). Fort € [0,1), ¢'(t) = Vf(tz* + (1 — t)z) " (z* — z).

t
By assumption, g(¢) +¢ 1 — Sy, % |z* — z||* < ytg(1) + (1 —4t)g(0) forall ¢ € [0,1], so
-
t)—g(0 t
g(1) > g(O)—i—g()tg()—l- <1 — 2) g ||z* — z||? forall ¢ € (0, 1]. Taking the limit as ¢ | 0
Y -
ield ®\ 1 / 1% * 2 1 T (% H * 2
yields f(z*) = 9(1) = g(0)+ Zg'(0)+75 [lo" —2[" = f(&)+ 2V f(2) " (2" =)+ l” — =]

Note that when v = 1, u = 0, and (13) is required to hold for a/l minimizers of f, it becomes the
standard definition of star-convexity [42].

Corollary 1 If f is (v, u)-strongly quasar-convex with minimizer x*, then
* TH * 2
fl) =2 f(a") + oo =" — =], vz
2(2-7)

27



NEAR-OPTIMAL METHODS FOR MINIMIZING STAR-CONVEX FUNCTIONS AND BEYOND

Proof Plug in ¢t = 1 to (13) to get

Fa) 4 (1= 52 ) Bt = ol <)+ (1= )
Simplifying yields
. 1 Y . 2 oo Y . 2
)2 £+ (1= 52 ) gt o —al? = ) + g s o =l m

Observation 1 If f is (v, u)-strongly quasar-convex, then f is not L-smooth for any L < %

Proof If f is (v, u)-strongly quasar-convex, Corollary 1 says that f(x) > f(z*)+ 2(;’_‘7) | — 2|

for all . If f is L-smooth, Fact 1 says that f(z) < f(z*) + £ [l2* — x||? for all .

2
7 llz* — 2|

Thus, if f is (y, 1)-strongly quasar-convex and L-smooth, we have ﬁ |a* — z* <

for all z, which means that we must have L > % [ |

Observation 2 If f is (v, u)-strongly quasar-convex with i > 0, f has a unique minimizer.

Proof By Corollary 1, f(z) > f(z*) if u > 0 and = # z*, implying that 2 minimizes f iff x = z*.
|

Observation 3 Suppose f is differentiable and (v, p)-strongly quasar-convex. Then f is also
(0, 1/ 0)-strongly quasar-convex for any 6 € (0, 1].

Proof (v, j1)-strong quasar-convexity states that 0 > f(z*) — f(x) > %Vf(:c)T(:zz* —x) +

Ela* — x||* for some 2* and all z in the domain of f. Multiplying by £ —1 >0, it follows
that
fa*) = f@)+ 2V f(@) (@ =)+ § llz — 2% > fo) + 5V (@) (" —2) + f |a* — 2.

Note that any (-, u)-strongly quasar-convex function is also (v, fi)-strongly quasar-convex for any
g € [0, p]. Thus, the restriction v € (0, 1] in the definition of quasar-convexity may be made
without any loss of generality compared to the restriction y > 0. |

Observation 4 The parameter v is a dimensionless quantity, in the sense that if f is ~v-quasar-
convex on R", the function g(x) = a - f(bx) is also y-quasar-convex on R", for any a > 0,b € R.

Proof If @ or b is 0, then g is constant so the claim is trivial. Now suppose a, b # 0. Let * denote
the quasar-convex point of f. Observe that as ™ minimizes f, * /b minimizes g. By (13), for all
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x € R™ we have

Lo((ta® + (1= t)2) /b) = flta + (1= D))
<Atf(z*) + (1 — 1) f(z)
=yt 1g(a*/b)+ (1 —yt) - 1g(x/b) .

Multiplying by a, we have g(t(z*/b) + (1 —1t)(x/b)) < vtg(x*/b)+ (1 —~t)g(z/b) forall z € R™.
Since /b can take on any value in R, this means that g is y-quasar-convex with respect to z*/b. B

I. Lower bounds

In this section, we construct lower bounds which demonstrate that the algorithms we presented
in Section F obtain, up to logarithmic factors, the best possible worst-case iteration bounds for
deterministic first-order methods. We use the ideas of Carmon et al. [13], who mechanized the
process of constructing such lower bounds. Their idea is to construct a zero-chain, which is defined
as a function f for which if z; = 0,Vj > t then %(ﬁ = 0. On these zero-chains, one can provide
lower bounds for a particular class of methods known as first-order zero-respecting algorithms.
First-order zero-respecting algorithms [13] are algorithms that only query the gradient at points
z® with $Z(-t) # 0 if there exists some j < ¢ with V; f (x(j )) # 0. Examples of zero-respecting
first-order methods include gradient descent, accelerated gradient descent, and nonlinear conjugate
gradient [19]. It is relatively easy to form lower bounds for zero-respecting algorithms applied
to zero-chains, because one can prove that if the initial point is 2(®) = 0, then z() has at most
T nonzeros [13, Observation 1]. The particular first-order zero-chain we use to derive our lower
bounds is

T
Fra(@) £ g(a) +0 3" T(@)

where
T(9) 2 120/9 £,
1 1+t
1 1 T—1
q(ﬂf) é Z(xl — 1)2 + Z ;(ﬂ?z — l‘i+1)2.

This function fT,U is very similar to the function fT7 u,r of Carmon, Duchi, Hinder, and Sidford
[10]. However, the lower bound proof is different because the primary challenge is to show fr ; is
quasar-convex, rather than showing that ||V fr ()| > e for all x with x7 # 0. Our main lemma is
as follows, and applies to an appropriately rescaled version of fTﬁ denoted by f . Our main lemma

. . . . 1 _ _
shows that this function is in fact 1557—= /5 -quasar-convex.

Lemma9 Leto € (0,107%,7T € [0_1/2, oo) N Z. The function fry is W
and 3-smooth, with unique minimizer x* = 1. Furthermore, if vy = 0 for allt = [T/2],...,T,
then frq(x) — fro(1) > 2T0.

-quasar-convex
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The proof of Lemma 9 appears in Appendix J.1. The argument rests on showing that the quasar-
convexity inequality W(‘fﬂg(x) — fro(1)) < Vfrs(z)T(z — 1) holds for all z € RT.
The nontrivial situation is when there exists some j; < jo such that z; > 0.9, z;, < 0.1, and
0.1 <z; <09forie {j1 +1,...,j2 — 1}. In this situation, we use ideas closely related to the
transition region arguments made in Lemma 3 of Carmon, Duchi, Hinder, and Sidford [10]. The
intuition is as follows. If the gaps x;11 — x; are large, then the convex function ¢(x) dominates the
function value and gradient of ijg(:c), allowing us to establish quasar-convexity. Conversely, if the
Zi+1 — x;’s are small, then a large portion of the z;’s must lie in the quasar-convex region of T, and
the corresponding Y’ (x;)(x; — 1) terms make V fr,(x) " (z — 1) sufficiently positive.

Lemma 10 Let ¢ € (0,00), v € (0,107%), T = [1073y~'LY2Re"'/?], and 0 = 15z, and
assume LY/?Re=1/2 > 103. Consider the function

flx) 2 LLR*T . fr (aTY2R7Y). (17)
This function is L-smooth and ~y-quasar-convex, and its minimizer x* is unique and has ||z*|| = R.

Furthermore, if z; = 0 Vt € ZN[T/2,T), then f(x) — inf, f(z) > e

The proof of Lemma 10 appears in Appendix J.1. Combining Lemma 10 with Observation 1 from
Carmon et al. [13] yields a lower bound for first-order zero-respecting algorithms. Furthermore, we
can use the argument from [13] to extend our lower bounds for first-order zero-respecting methods
to the class of all deterministic first-order methods. This leads to Theorem 2, whose proof appears
in Appendix J.2.

Theorem 2 Let e, R, L € (0,00), v € (0,1], and assume LY/>Re='/2 > 1. Let F denote the set
of L-smooth functions that are y-quasar-convex with respect to some point with Euclidean norm
< R. Then, given any deterministic first-order method, there exists a function f € F such that the
method requires at least Q(’y‘lLl/QRe_lﬂ) gradient evaluations to find an e-optimal point of f.

Theorem 2 demonstrates that the worst-case bound for our algorithm for quasar-convex minimization
is tight within logarithmic factors.

Although the construction of the lower bounds in [10] is quite similar to our construction, there are
some important differences between our lower bounds and those in [10]. First, the assumptions differ
significantly; we assume quasar-convexity and Lipschitz continuity of the first derivative, while
Carmon et al. [10] assume Lipschitz continuity of the first three derivatives. Next, we have only
logarithmic gaps between our lower and upper bounds, whereas there is a gap of O~(e*1/ 15) between
the lower bound of Q(¢~%/5) given by [10] and the best known upper bound of O(e~%/? log(e~1))
given by [11] for the minimization of functions satisfying the assumptions in [10]. Another
key difference is that the bounds in [10] and [11] apply to finding e-stationary points, rather than
e-optimal points. Finally, we require z; = 0 for all t > T/2 to guarantee f(x) — inf, f(z) > e,
whereas Carmon et al. [10, 13] only need z7 = 0 to guarantee |V f(z)|| > e.
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J. Lower bound proofs

In this section, we use O to denote a vector with all entries equal to 0 and 1 to denote a vector with
all entries equal to 1.

J.1. Proof of Lemma 10

Before we prove Lemma 10, we prove two useful results related to the properties of ¢ and Y. For
convenience, these functions are restated below:

0 42
2(t—1)
T(6) £ 120 dt
(6) /1 1+¢t2
1 T—1
g(z) & —(z1 —1)* + 1 (7 — xit1)
=1

Observation 5 ¢ is convex and 2-smooth with minimizer x* = 1. Also, forany 1 < j1 < jo < T,

_1 2) " (x — 2*) > max laﬂ— QM
o(o) = 59a(e) (0 = ") 2 e {1y 12, Gt

Proof Convexity and 2-smoothness of ¢ follow from definitions. It is easy to see that ¢ is always
nonnegative and ¢(1) = 0, so 1 minimizes ¢. In fact 1 is the unique minimizer, since q is strictly
positive for all nonconstant vectors and all vectors with x1 # 1.

Notice that as g is a convex quadratic, ¢(z) = 3(z — 2*) " V?q(z)(z — 2*) where V2¢(2) is a
constant matrix. Therefore Vg(z) = V2¢(z)(z — z*). It follows that ¢(z) = 1Vq(z) " (z — z*).

. . 2
By definition ¢(x) > %(:1:1—1)2. Furthermore, j2ij1 gijl(xi—le)Q > <].2ij1 g2=j1 (x; — xz‘+1)> =

. )2
% where the inequality uses that the expectation of the square of a random variable is

greater than the square of its expectation. The result follows. |

Properties of Y that we will use are listed below.
Lemma 11 The function Y satisfies the following.
1. Y'(0)="'(1)=0
2. Forall <1, Y(0) <0, and forall > 1, Y'(0) > 0.

For all § € R we have Y(0) > YT(1) = 0, and Y(0) < 10.

T'(0) < —1forall§ € (—o0,—0.1] U[0.1,0.9].

AT N

T is 180-smooth.
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6. Forall 6 € R we have Y(0) < min{300* — 4003 + 10, 60(6 — 1)?}, and Y(0) > 5
7. Forall 8 ¢ (—0.1,0.1) we have 40(0 — 1)Y'(6) > Y(0).

Proof Properties 1-4 were proved in [10, Lemma 2].

Property 5. | T"(6)] = 120 ‘%’ <1203 =180 forall 6 € R. Thus, for any 6;, 0, € R,

|T/(91) — T/(92)| S max ’T”(Q)’ . ‘(91 — 92’ S 180|91 — 92‘
9€[91,92]

Property 6. We have Y(0) = 120 [; * th ) dt > 120[“ U= gt = 120 — 5 Forall g € R
we have T(0) = 120 [ S dr < 120 f{ $2(t — 1) dt = 120((04/4 +63/3) — (1/4—1/3)) =
300* — 4003 + 10. In addition, since < 1 for all ¢, we have for all § € R that Y(0) <

120 [7(t — 1) dt = 120(0 — 1)2/2.

t2
142

Property 7. If € (00, —1.0] U [1.0, c0) then HHQ > 1, s0 by property 6 we have

62(6 — 1)2
1+ 62

< 60(0 —1)% —40-60(0 — 1)?

=—60-39(0—1)2<0.

T () +40(1 — 0)Y'(A) < 60(0 —1)* — 40 - 120

Alternatively, if € [—1.0,—0.1] U [0.1, 1.0] then H% > 1, so by property 6 we have

62(6 — 1)2
1+ 62
<10 (1+ 67 (36% — 46 — 240(6 — 1)?))
=10 (1 — 2370" 4 4766° — 2406%) = 10P(9) ,

T(6) 4 40(1 — 0)Y'(6) < 10 + 300" — 400% — 40 - 120

where we define P(#) £ 1—2376*+4760° —24002. P'(0) = —1260(40 — 1190 + 796?) has exactly
three roots: at @ = 0,6 = 1 and # = 40/79. Furthermore, at# = 1, 6 = 40/79 and § = 0.1 we have
P(6) < 0, which implies P(6) < 0 for 6 € [0.1, 1]. We conclude that Y'(0) + 40(1 — 6)Y'() <0
for § € [0.1, 1]. In addition, P(0) is negative while P’() is positive for § = —0.1, which means
that P(6) and thus Y(6) + 40(1 — §)Y'(6) are also negative on [—1.0, —0.1]. [ |

Now, we prove Lemma 9, which we later use to prove Lemma 10 (a “scaled version”).

Lemma9 Leto € (0,1074),T ¢ [0_1/2, oo) N Z. The function fT,U is W-quasar-convex

and 3-smooth, with unique minimizer x* = 1. Furthermore, if v, = 0 for allt = [T/2],...,T,
then fr,(z) — fro(1) > 2T0o.

Proof Since o € (0,107%], Y is 180-smooth, and g is 2-smooth, we deduce fT,J is 3-smooth. By
Observation 5 and Lemma 11.3 we deduce fr,,(1) =0 < fr () forall = # 1. Therefore, z* = 1
is the unique minimizer of fr .
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f ( )_fTT,o'(l)

Now, we will show fr, is ﬁ—quasar—convex, ie. that Vfr,(z) (z — 1) > 1007 /o

for all z € R”. Define

A& {i:x; € (—00,—0.1]U(0.9,00)}; B2 {i:x; € (-0.1,0.1)}; C= {i:2; €[0.1,0.9]}.
First, we derive two useful inequalities. By Observation 5 and the fact that Y/ (z;) < 0 fori € B,

VfTJ(a:)T(a: —1)=Vqz) (z-1)+0 Z (x; — )Y (x;)
i€ AUBUC
>2q(x) + o Y (wi— 1) (x) . (18)

i€ AUC

q(z) +11To + o), 4 Y(x;), and therefore using T' > o~ 1/2 and nonnegativity of T and ¢,

By Lemma 11.2 and 11.6 we deduce Y, 5 0 Y(z;) < [BUC|Y(—0.1) < 11T, so frq(z) <

Jro(x) — fro(1)  fro(z) 1To o ' 1
00To 100Tyo = 100T+/e | 100Tve Z_;T(m + Toorym 1)

1, o 1
< — o234 N7 —
=707 " 100,Z (@) + 19g4(®)

11

<712 Tz 1
< 1507 40;‘ i) + q() (19)

We now consider three possible cases for the values of .

1. Consider the case that z1 ¢ [0.9, 1.1]. We have

Vire(x) (z —1) > 2q(x +— > Y(x

zEAUC
0 12
> =)+ g 3 Y
zEAUC
G
—_— + — Z T xz + q
v 1040 4 ZGAUC
> Y74 ST Tl +qle)
i€EAUC
> fT,U(l') - fT,U(l)
= 1007V /o

where the first inequality uses (18) and Lemma 11.7, the second inequality uses Observation 5 and
x1 € [0.9,1.1], the penultimate inequality uses o € (0, 10~%], and the final inequality uses (19) and
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nonnegativity of Y. 2. Consider the case that B = (). By Lemma 11.7 and convexity of ¢(x),

V(@) (z—1) = V(@) (z—1)+0 > (@ —1)T'(x:)

1€ AUC

> qla) —q(V)+ 35 Y Tl

1€ AUC
T
L q(x)wz;r(xi) ~ Fro() + oa()

> fT,U(x) - fT,a(l) N fT,o’(x) - fT,a(l)
= 40 = 00Te

3. Suppose cases 1-2 do not hold, i.e. 1 € [0.9,1.1] and B # (). Then there exist m > 1 and
1<j<T-msuchthatz; > 0.9, 24, <0.1,andz; € C Vi € {j+1,...,7+m—1}. Then,

Vire(x) (x—1)>q(z) +0o Z (z; — )Y (2;) + q(2)

1€ AUC
>O—82+a (z; — )Y (2; —i—az Y (z;) + q(x)
it 4m Z (] q
ieC €A
0.82
> =" 4+ 0.10(m —2) +—ZT:@ )+ q(x
4m
€A
016 15 o fro(x) — fro(1)
=N (a; > T ,
= 6’ P+ 15 2 Tlad) +a(@) 2 1007/

where the the first inequality holds by (18), the second inequality uses Observation 5, the third
inequality uses Lemma 11.4 and 11.7, the fourth inequality uses that m = /1.6~ > 2 minimizes
the previous expression, and the final inequality uses (19) [and the fact that 0.16/+/1.6 > 0.11].

Finally, suppose z; = 0 forall t = [T'/2],...,T. Then we have fr,(z) — fr,(1) = fr,(z) >
o [T/2]Y(0) > 2T o, where the first inequality uses that Y > 0 and ¢ > 0, and the last inequality
uses that 7 > 1 and Y(0) > 5. [ |

With Lemma 9 in hand, we are able to establish Lemma 10 which is a scaled version of Lemma 9.

Lemma 10 Lete € (0,00), v € (0,1072], T = [10*37*1L1/2Re*1/21, and o = m, and
assume LY?Re=1/2 > 103, Consider the Sfunction

flx) £ LLR*T™ - fr o (aTY2R7Y). (17)
This function is L-smooth and ~y-quasar-convex, and its minimizer =* is unique and has ||z*|| = R

Furthermore, if t; = 0 ¥t € ZN [T/2,T), then f(z) — inf, f(z) > €
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_ > _ . .
Proof We have 0 1/2 = 1027y < T and 0 = 104%272 < (LI/Q}QZ_I/Q)Q <1074, so fr, satisfies

the conditions of Lemma 9. Let us verify the properties of f . The optimum of fT,C, is 1, but after

this rescaling it becomes 2* = %1, for which ||z*|| = R. For all z,y € R, by 3-smoothness of

fT,O"

|vi@) - Viw)| = s@rRT) - (R ||V TR = Vira 1R

< (LR*T7Y) - (TYPR™)? o — |
= Lilz =yl -
1

Therefore f is L-smooth. By the definition of o we have 0075 = 1» SO fTvg is y-quasar-convex.

As quasar-convexity is invariant to scaling (Observation 4), we deduce that f is y-quasar-convex as
well. Finally, given CL‘Ek) =0fort=[T/2],...,T, we have

R o LR? 9 _ _

fa®)y — inf f(2) > 2T - — = 2LR% = 2(1072y ' LY2RT™1)? > 20,
where the first transition uses Lemma 9, the third transition uses o = W, and the last uses that
T = [1073y 1LY2Re™1/2] < 2-1073y 1 LY2Re™1/2, as 1073y 1LV2Re1/2 > 1. |

J.2. Proof of Theorem 2

Before proving Theorem 2 we recap definitions that were originally provided in Carmon, Duchi,
Hinder, and Sidford [13].

Definition 3 A function f is a first-order zero-chain if for every x € R",

;=0 Vi>t = sz(x>=() Vi > t.

Definition 4 An algorithm is a first-order zero-respecting algorithm (FOZRA) if, for all i €
{1,...,n}, its iterates (0, 2 | ... € R™ satisfy

Vif@®)y =0 vk<t = "=

7

Definition 5 An algorithm A is a first-order deterministic algorithm (FODA) if there exists a
sequence of functions Ay, such the algorithm’s iterates satisfy

e = Ay (2©, . 2® V@), v (®)

forall k € N, input functions f, and starting points (9.

Observation 6 Consider € > 0, a function class F, and K € N. If f : R" — R satisfies
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1. f is a first-order zero-chain,
2. f belongs to the function class F, i.e. f € F, and

3. f(x) —inf, f(2) > e for every x such that xy = O forallt € {K, K +1,...,n};

then it takes at least K iterations for any FOZRA to find an e-optimal solution of f.

Proof Cosmetic modification of the proof of Observation 2 in [13]. |

Theorem 2 Lete, R, L € (0,00), v € (0,1], and assume L'/>Re='/2 > 1. Let F denote the set
of L-smooth functions that are y-quasar-convex with respect to some point with Euclidean norm
< R. Then, given any deterministic first-order method, there exists a function f € F such that the
method requires at least Q(v‘lLl/ 2Re1/ 2) gradient evaluations to find an e-optimal point of f.

Proof Applying Lemma 10 and Observation 6 implies this result for any first-order zero-respecting
method. Applying Proposition 1 from [13], which states that lower bounds for first-order zero-
respecting methods also apply to deterministic first-order methods, gives the result. |

K. Related function classes

In this section, we provide a brief taxonomy of related conditions (relaxations of convexity or strong
convexity), and describe how they relate to quasar-convexity. For simplicity, here we assume f is
L-smooth with domain X = R". We denote the minimum of f by f* and the set of minimizers of
f by X*; when X* consists of a single point, we denote the point by z*.

First, we review the definitions of quasar-convexity, star-convexity, and convexity. Recall that
(strong) quasar-convexity is a generalization of (strong) star-convexity, which itself generalizes
(strong) convexity.

e (Strong) quasar-convexity (with parameters v € (0,1], p > 0): for some z* € X*,
f@) > f(@)+ 2V f(2)" (2" — ) + § 2" — 2| forallz € X.

— When p = 0, this is merely referred to as quasar-convexity, which is also known as
weak quasi-convexity [26].

— When i > 0, f has exactly one minimizer x*.

e (Strong) star-convexity (with parameter y > 0): for some z* € X*, f(z*) > f(x) +
Vi) (z*—z)+ 42" - z||* forall z € X.

— When p = 0, this is merely referred to as star-convexity.

— When g > 0, this is also known as quasi-strong convexity [37].
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— When p = 0, f may not have a unique minimizer; some authors require the condition to
hold for all * € X* [42], while others only require it for some x* € X* [32]; we use
the latter definition.

— When g > 0, f has exactly one minimizer x*.

e (Strong) convexity (with parameter p > 0): f(y) > f(z) + Vf(2) (y —2) + & |ly — z||?
forallz,y € &.

— When p = 0, this is merely referred to as convexity.

Next, we enumerate some other generalizations of strong convexity from the literature, and state
whether they generalize quasar-convexity, are generalized by quasar-convexity, or neither.

e Weak convexity [50] (with parameter p > 0): f(y) > f(z) + Vf(z) (y —z) — § [ly — z||?

forall x,y € X.

— Neither implies nor is implied by quasar-convexity.

Quadratic growth condition (with parameter 1 > 0) [3]: f(x) > f(z*) + § [lz* — x||? for
allz € X

— Neither implies nor is implied by quasar-convexity.

e Restricted secant condition (with parameter y > 0) [53]: 0 > V f(z) " (z* —z)+4 [|z* — z||?
forallz € X.

— Implied by (7, %)-strong quasar-convexity (for any choice of v € (0, 1]).

e One-point strong convexity (with parameter y > 0) [34]: for some y € X,0 > Vf(z) " (y —
2) + 4|y — x| forallz € X.

— This is a generalization of the restricted secant property (which is one-point strong
convexity in the special case y = x*), and is therefore likewise implied by strong
quasar-convexity.

e Variational coherence [56]: 0 > V f(z) " (z* — ) forall x € X, z* € X*, with equality iff
x e X

— Implied by strong quasar-convexity (for any x> 0 and v € (0, 1]). The closely related
weaker condition “for some z* € X*,0 > Vf(z)" (z* —x) forall 2 € X, with equality
iff x € A*” is implied by quasar-convexity (for any x> 0, € (0, 1]).

e Polyak-Lojasiewicz condition [45] (with parameter p > 0): 3 ||V f (2)1? = p(f(x) = f.) for
allx € X.

— This is implied by the restricted secant property [30], and therefore by strong quasar-
convexity.

Quasiconvexity [4]: f(Ax + (1 — N)y) < max{f(x), f(y)} forallz,y € X and X € [0, 1].
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— Neither implies nor is implied by quasar-convexity.

e Pseudoconvexity [36]: f(y) > f(x) forall z,y € X such that V f(z) - (y —x) > 0.
— Neither implies nor is implied by quasar-convexity.

o [Invexity [15]: z € X* for all x € X such that V f(z) = 0.

— Implied by quasar-convexity (for any p > 0, € (0, 1)).
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