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Abstract

We propose a manifold AdaGrad-Norm method (MADAGRAD), which extends the norm
version of AdaGrad (AdaGrad-Norm) to Riemannian optimization. In contrast to line-search
schemes, which may require several exponential map computations per iteration, MADAGRAD
requires only one. Assuming the objective function f has Lipschitz continuous Riemannian gra-
dient, we show that the method requires at most O(¢~2) iterations to compute a point = such
that || grad f(z)|| < e. Under the additional assumptions that f is geodesically convex and the
manifold has sectional curvature bounded from below, we show that the method takes at most
O(e71) to find z such that f(x) — fiow < €, where f,, is the optimal value. Moreover, if f
satisfies the Polyak—Lojasiewicz condition globally on the manifold, we establish a complexity
bound of O(log(¢~1)), provided that the norm of the initial Riemannian gradient is sufficiently
large. For the manifold of symmetric positive definite matrices, we construct a family of non-
convex functions satisfying the PL condition. Numerical experiments illustrate the remarkable
performance of MADAGRAD in comparison with Riemannian Steepest Descent equipped with
Armijo line-search.

Key words: Riemannian Optimization - Gradient Method - Adaptive Methods - Worst-Case -
Complexity Bounds
AMS subject classification: 65K05 - 68Q25 -90C30 - 49M37

1 Introduction

1.1 Motivation and Contributions

In this work we consider the minimization of a differentiable function f : M — R, where M is
a Riemannian manifold [2, 15, 5]. Problems of this type appear in many important applications
such as Low-Rank Matrix Completion [28], Dictionary Learning [7] and Independent Component
Analysis [24]. Many optimization algorithms originally developed for the Euclidean setting (M = R™)
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have been extended to Riemannian optimization. Notable examples include variants of the gradient
method [25, 8], Newton and conjugate gradient methods [25], quasi-Newton methods [16], trust-region
methods [1], and cubic regularization of Newton’s method [3], among others. Special attention has
been devoted to adaptive methods, which automatically select suitable stepsizes, trust-region radii,
or regularization parameters without requiring prior knowledge of the problem-specific constants.

A classical example of an adaptive scheme is the gradient method with Armijo line search, which
defines the iterates as

Tyl = exp,, <—akw£’“ grad f(a:k)> ,

where ¢}, is the smallest nonnegative integer ¢ such that

£ (exp, (—aue grad f(an) ) ) < fon) = pene”| grad £(ae)|? (1)

with p,w € (0,1) and ap > 0 being user-defined parameters. In practice, the values £ = 0,1,2, ... are
tested sequentially until inequality (1) is satisfied. This backtracking procedure may require multiple
evaluations of the exponential map exp,, (), which can make the method computationally expensive.
To mitigate this issue, the RWNGrad method was recently proposed in [14] as a Riemannian coun-
terpart of the WNGrad method, originally developed for Euclidean optimization in [29]. Specifically,
RWNGrad sets .
Tkl = expy, (—ﬁkgradf(ﬂik)> ;v Bo>0
Jarad  (ry)|* )
Br ’

thus requiring a single evaluation of the exponential map at each iteration. It was proved in [14]
that RWNGrad needs no more than O (¢72) iterations to find z, such that [|gradf(zy)|| < e. More
importantly, numerical experiments showed that RWNGrad is significantly faster than the Gradient
Method with Armijo line search on problems over the manifold M = P%  of (n x n) symmetric and
positive definite (SPD) matrices.

Motivated by the encouraging numerical performance of RWNGrad, in this paper we investigate
a related yet distinct adaptive strategy, aiming to obtain a Riemannian algorithm with improved
numerical performance and stronger theoretical guarantees compared to RWNGrad. Specifically,
we propose MAdaGrad (Manifold AdaGrad-Norm), a Riemannian extension of the AdaGrad-Norm
method [29]. In contrast to RWNGrad (2), MAdaGrad sets

Bit1 = Bi+ llgradf(ze)|?, Bo =0,

gradf(:vk)> , (3)

Bry1 = PBr+

T+l — CXPg
k+1
with > 0 being a user-defined parameter. Regarding the theoretical guarantees of MAdaGrad (3),
we establish iteration-complexity bounds under various assumptions. When the objective function
f(-) is nonconvex, the method achieves a complexity of O(e~2). This rate improves to O(e~!) when
f(+) is convex and the manifold M has sectional curvature bounded below by a negative constant,
or when f(+) is possibly nonconvex but satisfies the Polyak—Lojasiewicz (PL) condition globally. In
addition, we provide a family of nonconvex functions over the manifold of symmetric positive definite
matrices P’ , that satisfy the PL condition. Finally, our numerical experiments demonstrate that
MAdaGrad can significantly outperform both RWNGrad and the gradient method with Armijo line
search.



1.2 Related Literature

In recent years, the challenge of training machine learning models has motivated the development and
analysis of numerous adaptive variants of the Stochastic Gradient Descent (SGD) method, including
AdaGrad [11], RMSProp [26], Adam [17], and AMSGrad [21]. A key feature of these methods is the
use of distinct stepsizes for updating each component of the iterate. For example, the batch version
of AdaGrad applied to the minimization of f : R™ — R defines the iterates by

Brr1 = Be+Vf(xr) ©Vf(ze), Br=0€R",

_ n

[$k+1]i - [‘,L'k]z + \/m[vf('mk)]h i = la RN I

where [V f(zr) © Vf(xy)], = [Vf(:ck)]? for i = 1,...,n. The component-wise nature of adaptive
methods such as AdaGrad complicates their extension to the Riemannian setting, due to the lack
of intrinsic coordinate systems on general manifolds. In [6], this issue was addressed by considering
the special case where M is a Cartesian product of Riemannian manifolds. By exploiting this addi-
tional structure, the authors proposed Riemannian extensions of AdaGrad, Adam, and AMSGrad.
A different approach was considered in [22], where the authors presented a Riemannian adaptive
method that encompasses extensions of RMSProp, Adam, and AMSGrad for the case where M is an
embedded submanifold of Euclidean space. Therefore, given the component-wise nature of this class
of adaptive methods, their generalization to the Riemannian setting typically requires additional
assumptions on the manifold M, which restricts their applicability. For this reason, in the present
work we focus on generalizing AdaGrad-Norm [29], which, similar to WNGrad [30], does not rely on
a coordinate system and can thus be extended to general Riemannian optimization problems.

1.3 Contents

The remainder of the paper is organized as follows. In Section 2, we introduce the necessary concepts
and notations from Riemannian geometry. Section 3 presents the MAdaGrad algorithm and estab-
lishes key auxiliary results concerning its iterates and step sizes. In Section 4, we derive iteration-
complexity bounds for the nonconvex, convex, and PL cases. We also provide a family of nonconvex
functions that satisfy the PL property globally. Finally, in Section 5 we report numerical results.

2 Preliminary

In this section, we recall some concepts, notations, and basic results about Riemannian manifolds.
For more details see, for example, [9, 23, 27, 20].

We denote by T,M the tangent space of a Riemannian manifold M at p. The corresponding
norm associated to the Riemannian metric (- , -) is denoted by || - |. We use £(y) to denote the
length of a piecewise smooth curve 7 : [a,b] — M. The Riemannian distance between p and ¢ in a
finite-dimensional Riemannian manifold M is denoted by d(p, q). This distance induces the original
topology on M, so that (M, d) becomes a complete metric space. Let (N, (-, -)) and (M, (-, -}))
be Riemannian manifolds and ® : N — M be an isometry, that is, ® is C°°, and for all ¢ € N and
u,v € TyN, we have (u,v) = (d®qu,d®,v), where d®, : TyN — Tgg)M is the differential of @ at
g € N. One can verify that ® preserves geodesics, that is, 8 is a geodesic in N if and only if ® o 8
is a geodesic in M. Denote by X'(M), the space of smooth vector fields on M. Let V be the Levi-
Civita connection associated to (M, (-, -)). The Riemannian metric induces a mapping f — grad f



that associates each differentiable function to its gradient via the rule (grad f, X) = df(X), for all
X € X(M). A vector field V' along v is said to be parallel iff V.,V = 0. If 4/ itself is parallel, we
say that v is a geodesic. Given that the geodesic equation V 7' = 0 is a second order nonlinear
ordinary differential equation, then the geodesic v = ~,(-,p) is determined by its position p and
velocity v at p. It is easy to check that ||7/|| is constant. The restriction of a geodesic to a closed
bounded interval is called a geodesic segment. A geodesic segment joining p to ¢ in M is said to be
minimal if its length is equal to d(p,q). For each ¢t € [a,b], V induces an isometry, relative to (-, ),
Pyat: TyayM — Ty )M defined by P, . v = V(t), where V is the unique vector field on ~ such that
VywV(t) =0 and V(a) = v, the so-called parallel transport along the geodesic segment 7 joining
v(a) to y(t). When there is no confusion, we consider the notation P, , for the parallel transport
along the geodesic segment v joining p to g. A Riemannian manifold is complete if the geodesics are
defined for any values of ¢t € R. Hopf-Rinow’s theorem asserts that any pair of points in a complete
Riemannian manifold M can be joined by a (not necessarily unique) minimal geodesic segment. A
set 2 C M is said to be conver iff any geodesic segment with end points in () is contained in Q. A
function f : M — R is said to be convex on a convex set  iff for any geodesic segment ~ : [a, b] — Q,
the composition f o~ : [a,b] — R is convex. Owing to the completeness of the Riemannian manifold
M, the exponential map exp, : T,M — M can be given by exp,v = Y(1,p), for each p € M.
A complete, simply connected Riemannian manifold of non-positive sectional curvature is called a
Hadamard manifold. For all p € M, the exponential map exp, : T,M — M is a diffeomorphism
and exp,, L' M — T,M denotes its inverse. In this case, d(q, p) = |lexp,, 4|| and the function
dg : M — R defined by dg(p) .= d?(q, p) is C*° and grad dg(p) = —2exp;1q.
In this paper, all manifolds are assumed to be connected, finite dimensional, and complete.

3 A Riemannian AdaGrad-Norm Method

Consider the problem
min f(x), (4)

zeM

where M is a Riemannian manifold and f: M — R is a differentiable function. As introduced in [8],
given L > 0, the gradient vector fields grad f is said to be L-Lipschitz continuous if, for any points p
and ¢ € M and v, a geodesic segment joining p to ¢, one has || P, , 4grad f(p) — grad f(q)|| < Ld(p, q).

Let us assume that:

A1l. grad f is L-Lipschitz continuous;

A2. f has a global minimizer, with optimal value denoted by f*.




Below we propose a Riemannian generalization of the batch version of method AdaGrad-Norm
[29, 31].

Algorithm 1. Riemannian AdaGrad-Norm (MAdaGrad).
Step 0. Given xg € M and nn > 0, set 5o = 0 and k := 0.
Step 1. If grad f(x) = 0, then stop; otherwise, compute

Ber1 = Br + llgrad f (x|, (5)

Qp = U 5 (6>
V Br+1

Tht1 = exp,, (—aggradf(zy)) . (7)

Step 2. Set k:=k + 1 and go to Step 1.

The next lemma is a consequence of [8, Lemma 5.1] and has appeared in [4].

Lemma 3.1. Suppose that A1 holds. Then,

f(exp,v) Sf(p)+<gradf(p),v>+§Hv||2, peM, veT,M. (8)

Lemma 3.2. Suppose that A1 holds and let {x1};~, be generated by Algorithm 1. Then, the following
hold: N

o2
i) f(xry1) < flag) + %(ﬁk+1 — B) for all k > 0;
it) if ax, < 1/L for some k > 0, then f(xg) — f(xp41) > %ngadf(xk)\]z;

i) if Bur1 < n?L% for allk =0,... ko — 1, where kg > 1, then

1
— k=0,...,kg—1
ap > I’ 0, , Ko , (9)
ko—1 372
n°L
apllerad f(zy) |2 < —L 2 10
473
n*L
Thy) < flxo) + =———5. 11
f( k‘o) f( 0) 2ngadf(x0)H2 ( )
Proof. By using (8) with p = x and v = —ay, grad f(zx), and (7), we obtain
2, Log 2
flaren) < flan) = allgradf () 7+ =~ llgrad f (zx )|
La?
< flow) + =5F llgrad f(ap)|? (12)

for all £ > 0. The proof of item 4) follows by combining the last inequality in (12) with (5), and the
proof of item i) follows by using the first inequality in (12) along with the fact that —Lay > —1



for some & > 0. Now, let us assume that By ; < n?L? for k = 0,...,kg — 1, for some kg > 1.
Consequently, we have \/fr+1 < nL for k = 0,...,ky — 1, and the proof of (9) is an immediate
consequence of (6). On the other hand, by using (6) again, we obtain

ko—1 ko—1
;)akugradfm)u? = Z mngradf(xk)n?
ko 1
m Z llgrad f( xk)” ) (13)

where the last inequality follows from the fact that
Brr1 > B = fo+ llgrad f(o)|1* = [lgrad f (zo)|1%,

which is an immediate consequence of (5) and Sy = 0. Combining the inequality in (13) with (5),
we get,

k‘() 1 kO 1
2 n
2 cullradstanll” < < Jarma e i 2 et =20 = omd e -

Hence, (10) is obtained directly by combining (14) with the inequality 8y, < n?L?, which follows by
taking k = kg — 1 in /Bk+1 < nL. To conclude the proof of item #i7), note that

ko—1 ko—1 LCK2
Flary) = flwo) = Y (Flargr) = flzn) < Y Tk(ﬁk—&-l — Br),
k=0 k=0

where the last inequality is obtained from item 7). On the other hand, from (6), we have a2 =

n?/Br41, which, combined with the last inequality and using again that By,1 > ||gradf(zo)||? for all
k € N, yields
9 ko—1
f(ary) = fwo) < Z 5 5k+1 — Br)
ko—1
L
Serad (o) Z (Br+1 — Br)
_ Ly’ 5
2] grad f (o) >
Therefore, (11) follows by using the fact that Sy, < 72L?, concluding the proof. O
Lemma 3.3. Suppose that A1 and A2 hold and let {xk}kzo be generated by Algorithm 1. If
ko = inf {k € N: By1 > n*L?} < +oo, (15)
then
T—1 7’]4L3
agl| grad f(zg 2§2<f:1:o -+ ), VT > ko, 16
3 el (o)l <2 (Slon) = £+ g (16)
and .
2(f (o) — f7) n’L° >
ag > <L+ , VEk > ko. 17
w " Temad fa)l? "

6



Proof. In view of (6), (5), and (15), we have

R B B

VBk+1  VBrot1

Thus, by Lemma 3.2 (ii), it follows that

f@w) = flarn) = Flerad f@)% k= ko

. k> k.

|

Summing up these inequalities for k = kg,...,T — 1, and using A2, we get
-1
k
> - Il grad FlaplP? < flzk) = f* (18)
k=ko

If ko = 0, then it follows from (18) that (16) is true. If ko > 1, then Byyq < n?L? for k =0,... ko —1.
Thus, by inequality (11) in Lemma 3.2 we have

174L3
2|| grad f(zo)**

Therefore, combining (18) and (19) we see that (16) is also true when kp > 1. On the other hand,
notice that

fary) — f* < fxo) — f* + (19)

o 2 _ N Brt1— B
Sl ) = § AL
(W Brer — VBV Brs1 +VBk) _
= 5 Tk_;_l > 5(\/@ - \/ﬁ?) (20)
Now, combining (16) and (20), it follows that
T-1 T—1
S(VBr VB, = > T(VBrrt = VB < > Sl grad £z |
473
< flao)— 4 g

2|| grad f(zo)[?’
which implies
2(f(zo) — f7) n*L?
VBr S VB = T P
2(f (o) — f7) n’L?
| grad f(zo)[I?"

<L+

Since T is an arbitrary integer bigger than kg, we have

2(f(z0) = f7) i’ L?
V/ <nL+ + , k> ko.
P =1 n [erad f (o) ’
Consequently,
-1
Ui 2(f (o) — f*) L )
ap = > <L + + , k > ko,

Vv Br+1 Uk | grad f (zo)||?

which implies that (17) is true O



Lemma 3.4. Suppose that A1 and A2 hold and let {xk}kzo be generated by Algorithm 1. Then,

(f(z0) — f7) n°L?
s I grad f (o

—1
2
o > <L + )||2> = Omin, k> 0, (21)

and
’174L3

20 @0) = I e d F ol

-1 773L2
> ]l grad f(a)|* < T>1. (22

2 Tevad f o)
Proof. Let us divide the proof in two cases.
Case 1: kg = inf {k: e N: Bgq1 > 772L2} = +00.

In this case, we have S < n2L? for all k > 0. Thus, it follows from Lemma 3.2 (iii) that

1 T—1 , L2
ap > —, Vk>0 and ar || grad f(xk <— T>1.
L 2 cullgrad f@l < g

Therefore, (21) and (22) hold.
Case 2: kg = inf {k e N: Bgr1 > 772L2} < +00.

In this case, if kg = 0, then (21) and (22) follow directly from Lemma 3.3. If kg > 1, it follows from
Lemmas 3.2 (iii) and 3.3 that a > 1/L for k =0,...,ky — 1, and ap > amin for k > ko. Therefore,
(21) is true for all k& > 0. Moreover, given T' > 1, we have two possibilities.

Subcase 2.1: T < k.

In this subcase, it follows from Lemma 3.2 that

T-1 ko—1 773L2
agl| grad f(zp)||* < gl grad f(zp)]]? < ——————,
> aullgrad Szl < 3 anllgrad fonl < e
and so (22) is true.
Subcase 2.2: T > kg.
In this subcase, by Lemma 3.2 (iii) and Lemma 3 3.3 we have
T-1 ko—1 T—1
> onllgrad flap) P = > onllgrad f(ap)|* + D onll grad f(ap)||?
k=0 k=0 k=kg
?73L2 7’]4L3

< Terad fo)] T2V ) = I ad 7o)
that is, (22) is true. ]

4 Worst-Case Complexity Bounds

In this section, we establish iteration-complexity bounds for MAdaGrad (3). We show that the
method achieves a complexity of O(e~2), which improves to O(e~!) both when the objective function
is convex and when it globally satisfies the Polyak—Lojasiewicz (PL) condition. It is worth mentioning
that, in the convex case, we assume that the manifold M has sectional curvature bounded below by
a negative constant.



4.1 General Case

Theorem 4.1. Suppose that A1-A83 hold and let {x1},~, be generated by Algorithm 1. Given € > 0,
let B

Ty(e) =inf{k € N : || grad f(xy)| < €}.

Then 372 irs
2 _pxk
Tg(ﬁ) S n (f(.’L'()) f ) n > 6_2,
Qmin || grad f (o) || Qlmin min || grad f (o) ||
where amin is defined in (21).

(23)

Proof. 1f T,(e) = 0, then (23) is true. Thus, let us assume that T,(e) > 1. By Lemma 3.4, we have

773L2 . 774L3
Terad fao)]] 20 = I ot Fo) 2
Ty(e)—1
> Y oyl grad ()|
k=0
Ty(e)—1
zamin Z ||gradf(xk)\|2
k=0

> OéminTg(E)62.

Then, isolating Ty (€), we conclude that (23) also holds in this case. O

4.2 Convex Case

Lemma 4.2. Suppose that A1 and A2 hold, and let {x}}r>0 be generated by Algorithm 1. Then,

> lgrad el < p= o [ (e - ) ] e
2 klernd ol = 0= o fao)ll | Terad flao)] ° Terad fz)lP)
Proof. From (5) and (6), we have ay, < n/|| grad f(xo)|| for all £ > 0, which implies
o 77 oo
> atlgrad fn)l* < s > o llgrad ()
k=0 & 0N =0
Thus, the proof of (24) follows from Lemma 3.4. O

Now, let us consider the following assumptions:

A3. M has sectional curvature bounded below by a negative constant, i.e., K > k with k < 0;

A4. f: M — R is convex on M and admits a minimizer ¢ with f* = f(q).

Taking into account Lemma 4.2, the next lemma follows from [13, Lemma 3.6].



Lemma 4.3. Suppose that A3 and A4 hold, and let {zy}r>0 be the sequence generated by Algorithm
1. Then, for each k > 0, the following inequality holds:

d*(wp41,q) < A2k, q) + K§ of grad f(z) | + 20 [f* = )],

where

inh (A q . L
Kl = i I%El;ﬁ\/ﬁ) tarf]g’gq Cl,= cosh™! (cosh(/%d(xo, q))e%(“\/ﬁ) Smh(“\/ﬁ)> , (25)
PR

with p is defined in (24) and &k = +\/|k|.

Theorem 4.4. Suppose that A1-A4 hold, and let {x}},~, be the sequence generated by Algorithm
1. Given € > 0, let -

Tr(e) =inf{k € N : f(ay) — f* < €}. (26)
Then ) .
Ty(0) < (FEOD TR ) @)

where amin, p and K}, are defined in (21), (24) and (25), respectively.

Proof. 1f Ty(e) = 0, then (27) is true. Thus, let us assume that T(e¢) > 1. By combining Lemma 4.3
with (21), we obtain

d*(w, q) — d* (w41, q) + K} w0 | grad f(ze)||?
2amin

flzg) = 7 <

)

for all £ > 0. Summing this inequality over k = 0,...,7Tt(e) — 1 and applying Lemma 4.2, we obtain
Tr(e)—1

1 *
1}§m kzzo (f(zk) = 7)

Tr(e)—1
1 fz d*(zk, q) — d* (w41, q) + Ki o | grad f(zy)|?
K

e<min{f(xy) — f 1 k=0,...,Tf(e) —

<
Tf(e) 0 20min
P (d (20,9) +p/C2,m>
- Tf(e) 200min ’
Therefore, isolating T's(€) we conclude that (27) is true. O

4.3 u-Polyak-Lojasiewicz Case

Throughout this section, the results are established taking into account the following assumption:

A5. f: M — R has a minimizer ¢ € M, with f* = f(q), and there exists p > 0 such that

fla) - f* < ;H erad f(@)[2,  x e M.

10



To the best of our knowledge, the inequality in A5 was first introduced by Polyak in [19] within
the context of linear optimization. In this seminal work, the inequality played an important role in
the asymptotic convergence analysis of the classical gradient method.

Lemma 4.5. Suppose that A1 and A5 hold and let {:Ck}kzo be generated by Algorithm 1. If

Brr1 <n*L?,  fork=0,...,T -1 (28)
and 2712 2712
n*Le ] ( 0L >
T>1+ [ el +1llog(—t 29
v Terad f @) (29)

for some € > 0, then min{f(xg) — f*: k=0,...,T —1} <e.
Proof. By (5), we have

B = llgrad fa) P
2 2
o= (14 BT o a7 (14 L0 20

B1 b1
B3 = B2 (1 + Il grad f(z1)|% gradﬁf(xl)"Q) = || grad f(zo)|? (1 + lgrad f ()" gradf(x1)||2) (1 + Igrad f(z)|I" gradf(m)HQ)
2 b1 B2

lgrd /)

i (30)

T—1
br = lerad o)l I (1+
k=1
Using (28), (30) and A5, it follows that

T—-1 9
L% > Br = || grad f(20)[2 [] [1 N WW]

k=1
T-1

> || grad f(xo)||? kf:[l [1 - W]

T-1
> || grad f(zo)||? H [1 + 772/22 min {f(zy) — f*:k=1,...,T — 1}]
k=1

T—1
= || grad f(zo)|? [1 + #mm{f(xk) — [ k=1,...,T — 1}] .

Now, suppose by contradiction that min{f(zx) — f*: k=0,...,7 — 1} > e. Then, applying the
previous inequality and using the fact that the logarithm function is increasing, we obtain

2712

n°L L€
lo - > (T—1)lo 1+ ——
g(ugradf(xo)r\?) T=1 g( 772L2>

pe 272 -1
> (r-1)—E _—(r-1) [ne_l—l—l] ,
1+ 2Lz %
which contradicts (29). This completes the proof. O

11



Lemma 4.6. Suppose that A1 and A5 hold and let {xk}kzo be generated by Algorithm 1. If

ko = min{k e N: Bgy1 > 172L2} < 400
and ) AL »
tog ([7(x0) = 1* + sygransime] )|

[log (1 — g
for some € > 0 and for ami, defined in (21), then

Tp >

f(xk‘o-‘rTo) - f* S €.

(33)

Proof. By (31), (6), and (5), we have a, = n/+/Br+1 < 1/L for all k > ky. Thus, by Lemma 3.2 (ii),

A5, and (21), we have

@ Qmin *
flen) = flowe) > S lgrad f)l? > 550 (Fla) — £), Yk > ko
From this, it follows that
HCmin
1-— € (0,1).

Furthermore, (34) implies that

fan) =5 < (1=E50) (@) = 1), Yk ko,

Hence,
Otpin \ F—Fo+1
fan) =5 < (1552 (Faw) = ), Yk ko,
If ko > 1, it follows from inequality (11) in Lemma 3.2 and from (31) that

774L3
+ 5
2| grad f(zo)||

f(wry) = f* < fxo) = f7

(34)

(35)

(36)

(37)

Clearly (37) is also true when ko = 0. If Ty = 0, then it follows from (32) and (37) that (33) is true.

Now consider the case Tp > 1. By combining (36) with k = ko + Tp — 1 and (37), we obtain

* HOmin \ To * 774 L?
Flong ) — £ < (1- 20 O“”‘f+mmmﬂwww)

Thus, it follows from (32), (35) and (38) that (33) holds. Indeed, otherwise, we would have

MOmin To * 774L3
e< (1- o) Qm%f+wmme)

which, by (35) and the properties of the logarithm, leads to

HOmin * 774L3 —
%Md“’2>k“46m*f+wmwmwy*»

contradicting (32).

12

(38)



Theorem 4.7. Suppose that A1 and A5 hold and let {l'k}kzo be generated by Algorithm 1. For each
€ >0, define Ty(e) = inf {k € N: f(xy) — f* < e}. If | grad f(xo)| > nL, then

‘log ([f(xo) - [+ m} 6_1)‘

Tf(e) <1+ o , (39)
[log (1 — kegn) |
where amin is defined in (21). Otherwise,
272 272
n"L* 4 n°L
Ti(e) < 1+[ ¢ +1]log<>
) I Tgrad f @) P
413
log (| f(zo) — f* + groiii—=| €

|log (1 — Eopin ) |

Proof. First, let us consider the case || grad f(zo)|| > nL. Then, it follows from (5) with k£ = 0 that
B1 = || grad f(z0)||* > n*>L?, which guarantees the equality

ko = inf{k €N : By >n°L*} =0. (41)

If T¢(e) = 0, then (39) holds. Therefore, suppose that T¢(e) > 1. In this case, by the definition of
Ty (€), we have
f@rp-1) — "> € (42)

Thus, in view of (41) and (42), it follows from the contrapositive of Lemma 4.6 that we must have

3 ‘log ([f(f'«“o) -+ m} 6_1>‘
|log (1 — Hegein)

Tr(e) —1

9

which establishes (39).
Now, suppose that || grad f(zo)|| < nL. If Tt(e) = 0, then (40) holds. So, assume that Tt (e) > 1.
Let us divide the rest of the analysis in two cases.

Case 1: kg := inf{k eN: [y > 7]2L2} = +o00.
In this case, in particular, we have
Bre1 < n?L?, fork=0,... ,Tr(e) — 1. (43)
Moreover, by the definition of T'f(e) we also have
min{ f(zg) — ff: k=0,1,...,Tf(e) = 1} > €. (44)

Thus, in view of (43) and (44), it follows from that contrapositive of Lemma 4.5 that we must have

272 272
n°L® 4 n°L

Te<1+[ € —|—1]log<>.

() [ | grad f(zo)]?

Therefore, (40) is true in this case.

Case 2: kg := inf{k eN: Bri1 > n2L2} < 400.

13



From the definition of kg we have
Brr1 <n*L? fork=0,...,ky— 1. (45)
Regarding the relation between T'f(€) and ko, there are only two possibilities.
Subcase 2.1: Ty(e) < k.
In this subcase, by (45) we have
Br+1 < L2, fork=0,... ,Tr(e) — 1.

Therefore, as in Case 1, we conclude that (40) is true.
Subcase 2.2: Ty(e) = ko + Tp for some Ty > 1.
In this case, in addition to (45), we also have
min{f(zx) — fF: k=0,1,..., ko} >min{f(zy) — fF: k=0,1,...,Tf(e) — 1} > €.
Thus, by the contrapositive of Lemma 4.5 com T = kg + 1, it follows that

2712 2712
n°L* _, ] ( n*L )
ko < el +1|log | ——— ). 46
’ [ n [ grad f(z0)|? (46)

If Tp = 1, then it follows from (46) that

272 272

n“L* _ n°L
Te(e) =k —|—T<1—|—[ € —|—1]lo (),
7€) = ko +To I 5\ lerad f(z0) 2

and so (40) is true. On the other hand, if Ty > 2, then
f(xko+Tofl) - f* = f(mTf(g)—l) - f* > €.
Thus, by the contrapositive of Lemma 4.6 we must have

}log ([f(l‘o) -+ m} 6_1)‘
|log (1 — Hogpin) | |

Ty—1< (47)

By combining (46) and (47) with the fact that T (e) = ko + 1o, we conclude that (40) also holds in
this subcase. O
4.3.1 A Class of Nonconvex PL functions on SPD matrices

In this section, we provide a class of nonconvex functions that satisfy Assumption A5 on a particular
Hadamard manifold. Let R™*™ be the set of real matrices of order n x n, P* C R™ "™ the set of
symmetric matrices, and P’} | C R™*"™ the cone of symmetric positive definite matrices. Define

(U V)x =tr(VX'UXY), XePl,, UV eP", (48)

where tr(-) denotes the trace operator. It is well known that M = (P%,,(-,-)) is a Hadamard
manifold (see, for example, [18, Theorem 1.2, Page 325]), and that Tx M can be identified with P"

14



for every X € M. The Riemannian gradient and Riemannian Hessian of f : P}, — R are given,
respectively, by

gradf(X) = X f'(X)X, (49)
hess f(X)V = X' (X)VX 4 = [Vf (X)X +Xf(X)V], (50)

where V' € TxM, and f'(X) and f”(X) denote the Euclidean gradient and Hessian of f at X,
respectively, with respect to the Frobenius metric.
Consider the class of functions f : P}, — R defined by

f(X) = aln*(det(X)) — bln?(det(X)) — = In(det (X)), (51)
where a,b > 0. Since
b3
f(X) = [4(1 In3(det(X)) — 3bIn?(det(X)) — (12} X1 (52)
it follows from (49) that
grad f(X) = [4@ In3(det(X)) — 3bIn?(det(X)) — Zz] X. (53)

Therefore, the set of critical points of f is 2 = {X e Pt : det(X) = et/ a} . Moreover, (51) implies
that f(X) = —b*/a? for all X € Q. Given this and the coercivity of f, we conclude that f* = —b*/a3.
Consequently, using (48), (51), and (53), along with appropriate algebraic manipulations, we obtain

lgrad fF(X)|* _ [4a1n®(det(X)) — 3bIn®(det(X)) — b3/a2]* n
f(X)—f* aln?(det(X)) — bIn® (det(X)) — (b3/a2) In (det(X)) + (b*/a?)
[[In(det(X)) — b/a] [4aIn?(det(X)) + bIn(det(X)) + v2/a]]” n
[In(det(X)) — b/a)? [a In?(det(X)) 4 bln (det(X)) + b?/al
9na? In*(det(X))
aln®(det(X)) + bln (det(X)) + b2/a
n (7aln®(det(X)) + bln(det(X)) + b?/a)
> n (7a In?(det(X)) 4 bln(det(X)) + b2/a) > (27nb%)/(284)
for all X € P \ ©, which shows that the function f defined in (51) satisfies A5 for every 0 < p <
(27nb?)/(28a). On the other hand, denoting the Euclidean norm by || - ¢, it follows from (52) that

A CON2
JX) =1~

942 In*(det(X))
aln®(det(X)) 4 bln (det(X)) + b2/a
and, denoting by I,, the n x n identity matrix, we obtain
P V00'o A P 91
xebr, f(X)—f*  totoo f(tn) — f*
_ m 9a2 In*(t")
t=+oo | aln?(t") 4 bln (t7) + b2 /a
=0,

+ 7aln®(det(X)) + bln(det(X)) + b2/a} tr(X?),

2/4n n 2 n
+ 7aln”(t") + bIn(t") + b /a] o)
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which implies that there exists no p > 0 such that the function f defined in (51) satisfies A5 in the
Euclidean setting.
Now, observe that

F(X)V = [12aln*(det(X)) — 6bIn(det(X))] tr(X V)X !

— 4a1n3(det(X)) — 3bIn*(det(X)) — — | X 'VXx~1

for all X € P’} | and V' € P". By combining this equality with (52) and (50), we obtain
hess f(X)V = [12a1n?(det(X)) — 6bIn(det(X))] tr(X V)X,
for all X € P!, and V' € P", which implies that
(hess f(X)V,V) = —=3b%/(4a)||V|? < 0

for all X € {X € P, : det(X) = eb/(4“)} and V € P". Therefore, f is not convex.

5 Numerical Results

We evaluated the relative performance of Algorithm 1 by testing its Matlab implementation with
n =10 (MAdaGrad) against the Riemannian Gradient Method with Armijo line search [12] and the
RWNGrad [14]. The experiments were conducted on two classes of test problems.

All implementations were performed in Matlab R2022a on a MacBook Pro equipped with an
Apple M1 Pro processor and 16 GB of RAM. To ensure reproducibility, we fixed the randomness
using Matlab’s built-in function rng(2025).

5.1 Problem Class 1

We considered class of problems of the form

Xrélﬂ;& f(X) =In(det(X))? — In (det(X)). (54)

For n = 10, the codes were run from 100 starting points, randomly generated with eigenvalues in
the interval (0,20). Following [12, 14], each starting point X, was constructed as Xy = Q'TQ,
where I is a diagonal matrix whose entries are independent random variables uniformly distributed
in (0,20), and @ is obtained from the QR decomposition of a matrix with entries uniformly generated
in (0,1). Figure 1 shows the performance profiles [10] with respect to CPU time for finding X such
that || grad f(X)| < 1074, with each code allowed a maximum of 1,000 iterations. As can be seen,
MAdaGrad is significantly faster than the other two methods.
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Figure 1: The Performance profiles (in logy scale) with respect to CPU time for Problem 1. The
magenta line corresponds to MAdaGrad, the blue line to ARMIJO, and the red line to RWNGrad.

5.2 Problem Class 2

We also considered the class of problems of the form

2

i 7602 13 o ma ) g

for fixed Ay,..., Ay € P, . For n = 20 and m = 5, we ran 100 test problems generated by randomly
constructing 100 sets of matrices Ay,..., A, € P}, . Asin [12, 14], each matrix A; was constructed
as Aj = Q]TAij, where A; is a diagonal matrix whose entries are independent random variables
uniformly distributed in (0, 20), and @; is obtained from the QR decomposition of a matrix with
entries uniformly generated in (0,1). For each problem, the initial point X was chosen as

1 m
Xo = exp . Zln(Aj)
j=1

Figure 2 shows the performance profiles [10] with respect to CPU time for finding X such that
| grad f(X)|| < 1074, with each code allowed a maximum of 1,000 iterations. Once again, our
method MAdaGrad is considerably faster than the other two methods.
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Figure 2: The Performance profiles (in logy scale) with respect to CPU time for Problem 2. The
magenta line corresponds to MAdaGrad, the blue line to ARMIJO, and the red line to RWNGrad.

6 Conclusion

In this paper, we have introduced MADAGRAD, a novel generalization of AdaGrad-Norm to Rie-
mannian optimization. We established iteration complexity guarantees in several regimes: O(s72)
for finding e-stationary points under Lipschitz continuous Riemannian gradients; O(e~!) for geodesi-
cally convex objectives on manifolds with sectional curvature bounded from below; and O(log(s™1))
under a global Polyak—Lojasiewicz condition. Furthermore, we constructed nonconvex functions on
the manifold P, of symmetric positive definite matrices that satisfy the PL condition. Numerical
experiments confirmed the efficiency of MADAGRAD, showing consistent improvements over Rieman-
nian Steepest Descent with Armijo line-search [12] and the RWNGrad method [14] on optimization
problems over P’ .
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