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Abstract

Stochastic optimization methods face new challenges in the realm of streaming data,
characterized by a continuous flow of large, high-dimensional data. While first-order
methods, like stochastic gradient descent, are the natural choice for such data, they often
struggle with ill-conditioned problems. In contrast, second-order methods, such as Newton’s
method, offer a potential solution but are computationally impractical for large-scale
streaming applications. This paper introduces adaptive stochastic optimization methods
that effectively address ill-conditioned problems while functioning in a streaming context.
Specifically, we present adaptive inversion-free stochastic quasi-Newton methods with
computational complexity matching that of first-order methods, O(dN), where d represents
the number of dimensions/features and N the number of data points. Theoretical analysis
establishes their asymptotic efficiency, and empirical studies demonstrate their effectiveness
in scenarios with complex covariance structures and poor initializations. In particular, we
demonstrate that our adaptive quasi-Newton methods can outperform or match existing
first- and second-order methods.

Keywords: stochastic optimization, stochastic gradient methods, second-order methods,
online learning, large-scale

1. Introduction

This paper focuses on the stochastic optimization problem, where the objective is to minimize
a convex function F : R? = R with d € N. Formally, the goal is to estimate

min (F(0) = E[(6: )]} )

where f is a loss function, £ is a random variable following an unknown distribution =,
and 6 is the parameter of interest. This formulation is common in many machine learning
applications (Kushner and Yin, 2003; Bottou et al., 2018; Sutton and Barto, 2018). For
instance, when £ = (X,Y’) represents an input-output pair, the function f typically takes the
form f(0;¢) = 1(hg(X),Y), where [ is a loss function onto R and hy is a prediction model
parameterized by 6.
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We tackle the stochastic optimization problem in (1) within a streaming context, where
data are large in size, high in dimensionality, and arrive continuously as time-varying mini-
batches. Following the framework studied in Godichon-Baggioni et al. (2023b,a), we consider
an infinite sequence of independent and identically distributed (i.i.d.) samples of the random
variable &, denoted as (§;). Each & represents a block of ny data points, {&1,...,&: n,}. This
setup mirrors the incremental and block-based nature of real-world streaming data.

Our adaptive stochastic optimization methods advance beyond the conventional stochastic
gradient-based methods by incorporating a Hessian matrix approximation, A, at each step
to refine the descent direction. These methods can be expressed recursively as:

Ori1 =0 — 11 AVof (03 641), 6o € RY, (2)

where Vo f(0s;&41) = n;rll TV f (043 &414)- Here, (1) is the learning rate, (A;) is the
sequence of random matrices in R¥? and (Vg f(0; &:+1,4)) is unbiased gradient estimates.
The update in (2) reduces to the classical Robbins-Monro method (Robbins and Monro,
1951), commonly known as Stochastic Gradient Descent (SGD), if we set A, = I; and
ny = 1. When Ay = I; and n; € N, (2) forms a streaming version of SGD with time-varying
mini-batches (Godichon-Baggioni et al., 2023b,a). For AdaGrad (Duchi et al., 2011), A;
serves as an estimate of the inverse square root of the diagonal of the variance of the gradients
(Vo f(0:;&41)). Furthermore, the update in (2) transforms into a stochastic quasi-Newton
method, when A; serves as an approximation of the inverse Hessian matrix VZF (0:).
Given the streaming nature of the data, it is essential that A; is updated directly (i.e.,
inversion-free) and sparsely to preserve low computational complexity. However, these
infrequent updates could potentially degrade convergence. To counteract this, we incorporate
acceleration techniques that enhance convergence. Specifically, we consider an iterative
weighted Polyak-Ruppert averaging scheme initialized at 6., = 6p, defined recursively by

Ny In(t 4+ 1)%
S i Mit1 In(i 4+ 1)v

et—l—l,w = et,w + (et — 0t7w), w > 0. (3)

Setting w = 0 results in the usual Polyak-Ruppert averaging scheme (Ruppert, 1988;
Polyak and Juditsky, 1992; Godichon-Baggioni et al., 2023b). However, this standard Polyak-
Ruppert averaging scheme can be prone to bad initializations. Instead, the iterative weighted
version in (3) assigns more weight to the newer estimates of (2), which limits the effect of
poor initializations (Mokkadem and Pelletier, 2011; Boyer and Godichon-Baggioni, 2023).

Our goal is to develop adaptive stochastic optimization methods for streaming data
that are: i) computationally efficient, ii) robust to ill-conditioned problems, and iii) exhibit
optimal convergence in both theory and practice. Thus, the central question of this paper is:

Can we construct a sequence of Hessian approzimations (Az) that are both com-
putationally efficient and ensure that our adaptive methods are robust to ill-
conditioned problems while exhibiting optimal convergence properties?

Contributions Our paper makes several contributions to the field of stochastic optimiza-
tion within a streaming context. Firstly, we introduce adaptive stochastic optimization
methods that effectively manage ill-conditioned problems while maintaining computational
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efficiency. These methods dynamically adjust learning rates on a per-dimension basis by lever-
aging historical gradient and Hessian information. Secondly, we propose iterative weighted
average versions of these adaptive methods, which provide variance reduction during learning
and accelerated convergence. Our theoretical analysis establishes their strong consistency,
rate of convergence, and asymptotic efficiency.

A key contribution of our work is our adaptive inversion-free stochastic quasi-Newton
methods, which match the computational complexity of first-order methods, O(dN;), where
Ny = 25:1 n; is the total quantity of data up to time t. Specifically, our adaptive quasi-
Newton methods: i) use second-order information to better handle ill-conditioned problems,
ii) maintain the computational efficiency of first-order methods, and iii) incorporate ac-
celeration techniques. By leveraging acceleration techniques, our adaptive quasi-Newton
method mitigate the need for frequent updates of the Hessian approximation, ensuring that
performance/convergence rates are not compromised despite the lower computational costs.

In addition to this adaptive quasi-Newton method, we also apply our methodology to
develop a streaming version of AdaGrad along with its iterative weighted average version.

Our adaptive methods can be applied to a wide range of models, e.g., linear, logistic,
softmax, ridge, and non-linear regression, as well as the estimation of the geometric median
and optimal transport (Bercu et al., 2020; Boyer and Godichon-Baggioni, 2023; Godichon-
Baggioni et al., 2024; Cénac et al., 2020; Godichon-Baggioni and Lu, 2024; Bercu et al., 2023).
To demonstrate the effectiveness of our methods, we provide several examples, specifically
focusing on linear and logistic regression, as well as the estimation of the geometric median.

Organization In Section 2, we briefly review related work. Section 3 presents the the-
oretical framework for our adaptive methods. In Section 4, we establish their asymptotic
efficiencies. Section 5 details our adaptive quasi-Newton methods and application examples.
Finally, Section 6 demonstrates the efficiency of our proposed methods on both synthetic
and real-world datasets.

Notations We use ||-|| for the Euclidean norm and ||-||op for the operator norm. M > 0
denotes that M is positive definite, and M > 0 indicates positive semi-definite. The minimum
and maximum eigenvalues of matrix M are Apin (M) and Apax (M), respectively.

2. Related Work

Stochastic optimization and adaptive methods have been extensively researched, as evident
in works such as Bottou et al. (2018); Chau et al. (2024). Theoretical investigations into
SGD cover a wide range of topics, from in-depth non-asymptotic analysis to its asymptotic
efficiency (Moulines and Bach, 2011; Kushner and Yin, 2003; Toulis and Airoldi, 2017;
Pelletier, 1998; Fabian, 1968; Pelletier, 2000; Gadat and Gavra, 2022; Nemirovski et al., 2009;
Lacoste-Julien et al., 2012; Nocedal and Wright, 1999; Boyd and Vandenberghe, 2004). A
noteworthy extension of SGD is the concept of averaging, known for its role in accelerating
convergence. This technique, known as Polyak-Ruppert averaging or averaged SGD (ASGD),
was introduced by Ruppert (1988); Polyak and Juditsky (1992). They demonstrated that
using a learning rate with slower decay rates, combined with uniform averaging, robustly leads
to information-theoretically optimal asymptotic variance. While these estimates are known
to be asymptotically efficient (Pelletier, 2000), their non-asymptotic properties have been
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thoroughly investigated (Moulines and Bach, 2011; Needell et al., 2014; Gadat and Panloup,
2023). However, it’s important to note that this method can be sensitive to ill-conditioned
problems, leading to sub-optimal performance in practice (Leluc and Portier, 2023; Boyer
and Godichon-Baggioni, 2023).

To address this practical challenge, recent strategies have emerged to enhance the
performance of stochastic optimization methods, focusing on adaptive approaches. These
methods involve tuning the learning rate, also known as the step-size sequence, through
strategies that adapt to the gradient. One of the most well-known adaptive techniques
is AdaGrad (Duchi et al., 2011), which incorporates an estimation of the square root of
the inverse of the gradient’s covariance into the step-size. Subsequently, this method has
undergone various modifications and improvements (Tieleman and Hinton, 2012; Kingma
and Ba, 2015; Zeiler, 2012; Dozat, 2016; Reddi et al., 2018). Nevertheless, these adaptive
methods do not fully tackle the challenge of poor conditioning. Another limitation of these
methods is their reliance on information solely from the diagonal of the gradient covariance
estimator. Consequently, in scenarios with strong correlations, this restricted information
may lead to sub-optimal outcomes in practice.

To address these issues, an alternative approach involves considering stochastic (inversion-
free) Newton methods (Bercu et al., 2020; Boyer and Godichon-Baggioni, 2023; Leluc and
Portier, 2023), where an estimate of the inverse of the Hessian is integrated into the step-size.
Alternatively, stochastic Gauss-Newton methods (Cénac et al., 2020; Bercu et al., 2023) can
be employed. These stochastic Newton methods, relying on the Sherman-Morrison formula
(Sherman and Morrison, 1950),! require a specific form of the Hessian. Nevertheless, they
find applications in various scenarios, including linear, logistic, softmax, and ridge regressions
(Bercu et al., 2020; Boyer and Godichon-Baggioni, 2023; Godichon-Baggioni et al., 2024), as
well as tasks such as estimation of the geometric median (Godichon-Baggioni and Lu, 2024),
non-linear regression (Cénac et al., 2020), and optimal transport (Bercu et al., 2023).

Our adaptive stochastic optimization methods integrate the strengths of first-order adap-
tive methods, acceleration techniques such as iterative weighted Polyak-Ruppert averaging,
and second-order methods. This novel combination allows us to develop methods that are
computationally efficient, robust to ill-conditioned problems, and achieve optimal convergence
both in theory and practice.

3. Underlying Theoretical Framework

In this section, we provide the theoretical framework that forms the basis of our analysis. Our
objective is to solve the stochastic optimization problem in (1) within a streaming context.
As a reminder, we consider stochastic optimization problems of the form:

;2]}@{”” = Eez[f(0;6)]}-

Our theoretical framework relies on three key assumptions. These assumptions, which
depend on the differentiability of the function F', are standard in the realms of stochastic
optimization, stochastic approximation, and adaptive methods (Bottou et al., 2018; Leluc

1. Sherman-Morrison’s formula is also known as Riccati’s equation for matrix inversion (Duflo, 2013).
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and Portier, 2023; Boyer and Godichon-Baggioni, 2023; Kushner and Yin, 2003; Godichon-
Baggioni, 2019b,a; Benveniste et al., 1990; Duflo, 2013; Godichon-Baggioni and Tarrago,
2023).

Assumption 1 For almost any &, the function f(-;€) is differentiable and there exists
non-negative constants C and C" such that

E[|Vof(6:6)|°] < O+ C'(F(0) - F(67)), V0 eR™ (4)

In addition, there exists 0* € RY such that VoF(0*) = 0, and the functional ¥ : 6 —
E[Vof(0;6)Vof(0;€)T] is continuous at 6*.

In Assumption 1, E[||Vyf(0;&)||?] is not confined by a constant or the squared errors
|6 — 6]|%. Instead, we use the functional error F/(f) — F(6*), a condition known as expected
smoothness (Gower et al., 2019; Gazagnadou et al., 2019; Gower et al., 2021). Moreover,
when C' =0, (4) is known as the weak growth condition (Vaswani et al., 2019; Nguyen et al.,
2018). Notably, in the context of u-strong convexity of the function F, the squared errors
condition implies the functional error condition, as || — 6*||? < 2/u(F(0) — F(6*)) for any
0 € R%.

To establish the strong consistency of our method’s estimates, we introduce a second
assumption that enables the use of a second-order Taylor expansion to the functional F'.

Assumption 2 The functional F' is twice-continuously differentiable with uniformly bounded
Hessian, i.c., there exists Lyp such that |V2F(0)|lop < Lvr for any 6 € RY.

Note that this implies, among other things, that the gradient of F' is Ly p-Lipschitz. The
third assumption pertains to the uniqueness of the minimizer 8* of the functional F'.

Assumption 3 The functional F' is convex and Amin := )\min(VgF(G*)) > 0.

Note that this convexity assumption is important when using stochastic (quasi-)Newton
methods, particularly to ensure the positivity of each adaptive step, which aims to estimate
the inverse of the Hessian.

4. Theoretical Analysis

In this section, we present the theoretical analysis of our adaptive stochastic optimization
methods and their iterated weighted averaged versions, as described in equations (2) and
(3), respectively. Specifically, we demonstrate strong consistency, rate of convergence, and
asymptotic normality. For clarity, this section focuses on constant mini-batches of size n,
leaving the discussion of time-varying mini-batches n; to Appendix A.

Focusing on constant mini-batches provides a more clear presentation of the foundational
properties of our methods, such as computational efficiency, robustness to ill-conditioned
problems, and optimal convergence. Readers seeking a deeper understanding, particularly
of extensions to time-varying mini-batches, are encouraged to refer to Appendix A and
Appendix C, which provide detailed proofs and adaptations. The consideration of time-
varying mini-batches builds on recent work by Godichon-Baggioni et al. (2023a), which
highlights their potential to accelerate convergence and mitigate both long- and short-term
dependence structures.
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4.1 Adaptive Stochastic Optimization Methods

From this point forward, we focus on constant mini-batches of size n. At each time ¢, a
mini-batch of n i.i.d. samples of &, represented by & = {&:1,..., & n}, arrives, and the total
number of data points processed, V¢, is tn. Thus, the updates of our adaptive stochastic
optimization methods, as described in (2), are given by:

Ori1 = 0 — 11 AVof(0i;6041), 0o € RY,

where Vo f(0s;&41) =n~t i1 Vo f (0 &41,). Let (F;) be the filtration such that 6; and
Ay are Fi-measurable, and the incoming mini-batch &4, is independent of F;.

Our goal is to recursively update 6; at each time step ¢ to integrate the most recent
information &11. Since the stochastic gradient estimates are approximations of the gradient
of (1), it is essential to control the step lengths (741 A4:) to guarantee convergence. For the
subsequent discussion, we assume that the learning rate (v;) and the sequence of random
matrices (A;) satisfy the following conditions:

Z’Yt)\min(At—l) =400 a.s., and nyf)\maX(At_l)Q < 40 a.s. (5)
t>1 t>1

In Section 5, we will discuss the modifications needed to ensure these conditions are met.
For example, if A; = I the conditions in (5) reduces to the usual conditions on the learning
rate (), e.g., see Robbins and Monro (1951). Additional details about (5) can be found in
works such as Boyer and Godichon-Baggioni (2023); Godichon-Baggioni and Tarrago (2023).

For simplicity, we set v, = C,t~7 with C, > 0 and v € (1/2,1). However, one can also
take 1 = Cy(t 4+ 1o)™Y with to € N, and all the theoretical results remain valid.

The following theorem establishes the strong consistency of our adaptive stochastic
gradient estimates (6;).

Theorem 1 Suppose Assumptions 1 to 3 hold, along with the conditions in (5). Then, 0,
converges almost surely to 0*.

The proof is given in Appendix C.1. To ascertain the rate of convergence of our adaptive
stochastic gradient estimates (6;), we assume that the sequence of random matrices (A;)
converges to some A > 0.

Assumption 4 The random matriz A; converges almost surely to a positive definite matrix

A.

For instance, in Newton’s methods, the matrix A represents the inverse Hessian, and
in the case of AdaGrad, A corresponds to the inverse of the square root of the diagonal of
the gradient’s variance. Note that once Theorem 1 is fulfilled, the strong consistency of (6;)
often implies the consistency of (A;). For more details, see Boyer and Godichon-Baggioni
(2023); Leluc and Portier (2023) or the proofs of Corollaries 1 to 3.

Theorem 2 Suppose Assumptions 1 to 4 hold, along with the conditions in (5). In addition,
assume there exist positive constants C, and n > % — 1 such that

E [[Vof(6; )P+ < Cy (1 + F(8) = F())™", v8 e R". (6)

Then, ||6; — 0*|2 = O (ln(Nt)N[”) a.s.
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The proof is provided in Appendix C.2. Observe that this type of inequality is usual to
establish asymptotic rate of convergence of stochastic gradient algorithms (see, for example,
Pelletier (1998, Theorem 2) among others) and it is satisfied as soon as Vyf admits fourth-
order moment.

4.2 Weighted Averaged Adaptive Stochastic Optimization Methods

For constant mini-batches, the weighted average of our adaptive stochastic optimization
methods in (3) simplifies to:

In(t+1)*
i n(i + 1)v

with 6p ., = 6p. The case involving time-varying mini-batches are discussed in Appendix A.

Ot 41,0 = Orw (0 — b)), w>0,

To establish the convergence rate and the optimal asymptotic normality, we make the
following assumption about the Hessian of F'.

Assumption 5 There exist positive constants L, and n such that
IV6F(8) — VEE(O7)(6 — 6) < Lyllo — 672, v € B, n).

Assumption 5 is satisfied as soon as the Hessian of F' is locally Lipschitz on a neighborhood
around #*. Coupled with Assumption 2, this implies the existence of a positive constant L
such that

IVoF(8) = VEF(6")(0 — 6%)|| < L6 — 6", V6 € RY.

Theorem 3 Suppose Assumptions 1 to 5 hold, along with the conditions in (5) and (6). In
addition, assume there exists a positive constant v such that

|A; — Allop = O (t7) a.s. (7)

Then, 0y, converges almost surely to 0%, and

O(E‘fﬁél) as. ifw <1,
t

162,00 — 071" = In(N) -
o (Ttt) a.s. if2v 4> 1.

Moreover, if 2v +~ > 1, then \/N¢(0: ., — 0*) # N(0,VZF(0*)"1SV2F(6*)71).
o

The proof can be found in Appendix C.3. To establish strong results, such as the asymptotic
efficiency of the weighted average estimates (6y.,), the sequence of random matrices (A)
should exhibit a (weak) rate of convergence, as outlined in (7). In simpler terms, achieving
a satisfactory rate of convergence of (A;) ensures the asymptotic efficiency of the weighted
average estimates (0 ,).

Alternatively, to establish asymptotic efficiency without relying on a (weak) rate of
convergence of (A;), one can consider the following theorem:
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Theorem 4 Suppose Assumptions 1 to 5 hold, along with the conditions in (5) and (6). In
addition, assume there exists a positive constant v' > 1/2 such that

t—1

1 ,
In(i + )" H/2H) A7, — A7V op(i +1)3 = O (t‘” ) as,  (8)
0

S oIn(i +1)w &

for some 6 > 0. Then, 0;,, converges almost surely to 6%, |01, —0*||*> = O (ln(Nt)Ntfl) a.s.,
and /N;(0y. — 0%) ﬁ N(0, V2F (") 1SV2F(6*)71).

See Appendix C.4 for a proof. Note that, although the condition in (8) may seem unusual, it
is straightforward to verify in practice. For example, the proofs of Theorems B.6 and B.9
provide insights into practical methods for verifying this condition.

5. Applications to quasi-Newton’s methods

In this section, we apply our adaptive stochastic optimization methodology from Section 4 to
quasi-Newton’s methods. Specifically, in Section 5.1, we introduce an adaptive inversion-free
stochastic quasi-Newton method and its iterative weighted average version, both designed to
match the computational efficiency of first-order stochastic optimizations methods.

Next, in Section 5.2, we provide three specific examples: linear regression, logistic
regression, and geometric median estimation. Nonetheless, our methods are also applicable
to other models, such as softmax regression (Boyer and Godichon-Baggioni, 2023), ridge
regression (Godichon-Baggioni et al., 2024), non-linear regression (Cénac et al., 2020), and
optimal transport (Bercu et al., 2023).

In Appendix B, we present additional applications of our methodology to Newton’s
method and AdaGrad, with corresponding proofs in Appendix C. In particular, we introduce
a novel streaming variant of AdaGrad, along with its iterative weighted Polyak-Ruppert
average counterpart, in Appendix B.3.

5.1 Adaptive Inversion-Free Stochastic Quasi-Newton Methods with O(dN;)
Operations

To overcome the computational challenges associated with Hessian inversion, we propose a
variant of the stochastic quasi-Newton’s method that entirely avoids Hessian inversion, as
seen in Bercu et al. (2020); Boyer and Godichon-Baggioni (2023). We further enhance this
approach to develop Streaming Stochastic quasi-Newton (SSN) methods, which operate with
only O(dN;) operations.

The SSN and the Weighted Averaged SSN (WASSN) methods are defined recursively for
all ¢ > 0 as follows:

Orr1 =0 — Y415, 0 Vol (0:641), 0o € RY, (9)
In(t 4+ 1)*
S oln(i+1)

et—l—l,w :at,w i (et - Ht,w)a 00,11} =06y and w > 0, (10)
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where gt,w’ is a recursive estimate of the Hessian. Specifically, we suppose that there is a
natural recursive estimate of the Hessian H; = Nt_lﬂt of the form:

t n
H; = Hy + Z Zai,jq)i,jq);—ja

i=1 j=1

with Hy symmetric and positive definite, a;; € Ry and ®;; € R?, which may depend on
i1 or 0;_1 4.

Remark 1 We would like to emphasize that this type of Hessian estimation is applicable to
many machine learning problems, including linear, logistic, softmax, and ridge regressions
(Bercu et al., 2020; Boyer and Godichon-Baggioni, 2025; Godichon-Baggioni et al., 2024).
Additionally, these methods are employed in tasks such as geometric median estimation
(Godichon-Baggioni and Lu, 2024), nonlinear regression (Cénac et al., 2020), and optimal
transport (Bercu et al., 2023). In Section 5.2, we provide some examples in detail.

To develop the Hessian estimate Suw/ for SSN and WASSN with the same computational
complexity as first-order stochastic gradient methods, we first need to derive a computa-
tionally efficient estimate of Ht_1 using the Riccati/Sherman-Morrison formula (Duflo, 2013;
Sherman and Morrison, 1950), applied n times. Updating of H,” ! requires O(d?n) operations.
Nevertheless, the total computation cost at time ¢ would be of order O(d?N,) operations,
instead of O(dN;) for first-order stochastic gradient methods.

In addition, to apply Theorem 1, it is necessary to control the eigenvalues of the Hessian
estimates. Therefore, we propose a modified version of H; given by S”t’w/ = thzlSt,w/, where

t
St = Sow + ¥ (i + 1)

n
i=1 j=

Zi,j (Li,jei,jezj + Oéi,jq)i,jq);—j) , w' > 0, (11)
1
with

e Sp. symmetric and positive definite,

o Nyz=1+>"_ InG+1)* > j=1Zij, where w' > 0 and Z; ; are i.i.d. with Z; ; ~ B(p)
for some p € (0, 1],

® L= cLNiij,Z where ¢ € (0,’7—1/2), c, > 0and Nt,k,Z = 1—{-2:;% Z?:l Zi,j—i_Z?:l Zt,j7
e ¢;; is the (NNV; j z modulo d)-th component of the canonical basis.

Observe that the term ¢; ; enables to control the smallest eigenvalue of S't,w/ while In(t 4+ 1)“’/
enables us to give more weights to the latest updates at,jq)t’jfb;— ;» which are supposed to be
better since they often depends on #; which should converge to 6* almost surely.

The random variables (Z; ;) enables us to adjust the computational cost. More precisely,
observe that with the help of Riccati’s formula (Duflo, 2013), one can update the inverse of

Siy10 as follows: for all j = {1,,...,n}

g-1 a1 Zt1,5b41,5 g-1 el o7 -1
J - j—1 j—1 ) Et+1,5 j=1 )
b+ 5w’ t+ 5= ' +1—= w’ J 7+ o'

2n

B T —1 .
1+ Lt+1,Jet+17jSt+j;1 w EtH1LI
n b

9
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and for all j ={n+1,...,2n}

— — (673 '—nZt—i-l7 i—n — —
St 1L ;= St 1@ ;T ]T —1] St 1@ /(pt»]'_nq)l—fl,—j—nst 1@ ,”
t3,W +5, W 1+ at,j—nq)t j*nStJrj_l w/q)t,j—n +5, W +5, W
’ 2n

Thus, as each update is only made if Z; ;1 ; =1 (or Z441 j—n = 1), the update of S;:Lw only
costs, on average, O(pd?n) operations, leading to a total number of operations of order (on
average):

~—~ n

estimating the inverse Hessian  estimating the gradient

d’N,
pd? N, + dN; +
——
multiplication of Hessian and gradient estimates

Hence, adjusting the value of p can help reduce the computational cost of updating the
inverse of the Hessian. Indeed, one can obtain an average computational cost at time ¢ of
order O(dN;) operations taking p = d~! and n = d. In other words, it is possible to obtain
an adaptive stochastic quasi-Newton method with only O(dN;) operations.

Next, we can ensure that these adaptive stochastic quasi-Newton methods are asymptoti-
cally efficient. For this, let us consider the o-algebra F}_; = 0(&11,- -, &—1ns Zt1s- -+ Ztp)-

Theorem 5 Suppose Assumptions 1 to 8 and 5 hold and that ¢, > 0. In addition, assume
that there exist positive constants Cyy and nf > 1 such that for any t > 1 and j € {1,...,n},

T !
E[Hat,j@t,jq)t,j K |~7'—£—1] < CJ}-

Then, 0 and 0 ,, converges almost surely to 0*. Moreover, if ?tﬂul converges almost surely to

H, then
In(Vy) In(Ny)
* (|2 *1(2
6; — 6*|]* = O < N7 > a.s., 0t — 0F||* = 0O (t a.s.,

and

V(O = 67) = N (0, V3F(67) ' SV3F(67) 7).

The details of the proof are included in Appendix C.7. To suppose that ?tyw/ converges to
may seem unrealistic, but it is often the case in practice when 6; converges to 0* (see, for
example, Cénac et al. (2020, Corollary 3.1), Boyer and Godichon-Baggioni (2023, Theorem
A.1 to A.3), or the proofs of Corollaries 1 to 3). Indeed, these proofs are often constructed as
follows: (i) demonstrate that 6; converges almost surely to 6%, (i) deduce the consistency of
St.w, (iii) infer the convergence rates of the estimators 6; and 6; ,,, and (iv) derive asymptotic
normality.

At last, note that for Newton methods, the asymptotic efficiency of the estimates can be
achieved without averaging by setting the learning rate v, = /¢, e.g., see Leluc and Portier
(2023); Bercu et al. (2020); Boyer and Godichon-Baggioni (2023). A streaming version of
this approach, with potentially O(dN;) operations, is detailed in Appendix B as well.

In the following sections, we provide three examples of applications; linear regression,
logistic regression and the estimation of the median. Nevertheless, there are still many
applications where our methodology works as highlighted in Remark 1.

10
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5.2 Examples
5.2.1 LINEAR REGRESSION

Consider the linear regression problem, where ¢ = (X,Y) € R? x R such that Y = X T6* +¢,
with 8* € R? and € a centered random variable independent of X with variance 2. Then,
0* minimizes the convex function F : R? — R, defined as F(0) = JE[(Y — X 0)?]. Let
{(Xe1,Yi1), ..., (X¢n, Yen) be>1 be 1id. pairs of variables arriving sequentially in blocks.
Then, the SSN and WASSN methods are defined by (9) and (10), with

1 n

Vof (O Xerr, Yerr) = - > Vipri — X100 Xis1,
i=1

and Sy, defined by (11) with ¢, =0, ayj = 1, and &, ; = X, ; for j € {1,...,n}.
Corollary 1 Suppose that X and € have moments of order 4 and 2, respectively, and
H = E[X X "] is positive definite. Then, for any p € (0, 1], we have

In(N, In( NV,
|6, — 6*||> = O < ](th)> a.s., |0 —07>=0 (5\7;)) a.s.,

and
VN0 — 0F) —E— N(0,02H ).

t——+o0

The proof is given in Appendix C.9.

5.2.2 LogGisTiCc REGRESSION

Consider the logistic regression problem, where ¢ = (X,Y) € RY x {0, 1} such that Y|X ~
Ber(m(X 70%)), with 6* € R? and 7(x) = /(1 + ). Here, the parameter §* minimizes
the convex function F' : RY — R defined as F() = E[log(1 + exp(X '0)) — Y X "6]. Let
{(Xt1, Y1), -+, (Xem, Yen) be>1 be iid. pairs of variables arriving sequentially in blocks.
Then, the SSN and WASSN methods are defined by (9) and (10), with

1 n
Vo (0 Xer1, Yipr) = — D Verri = m(X[1,100) Koy
i=1
and Sy, is defined by (11) with ay; = W(XLHt,l)[l - W(X,;’rjﬁt,l)] and ®;; = X;; for
je{l,...,n}.
Corollary 2 Suppose that X have moment of order 4 and H = E[r(X T0*)1-m(X T0*)] XX ]
is positive definite. Then, if ¢, > 0, we have for any p € (0, 1] that

% In(N, N In( V.
|6, — 6*||> = O ( ](th)> a.s., |0 —072=0 (5\[;)) a.s.,

and
VN (O — 0F) —5— N(0,H™Y).
t—+o0

The proof is given in Appendix C.10. Observe that the results in Corollary 2 also holds
when using 0;_1,, in o;; instead of 6;_;. Note that assumption of the positivity of H is
not unrealistic, as it is satisfied, for instance, when X is elliptic (Gadat and Panloup, 2023,
Proposition 3).

11
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5.2.3 GEOMETRIC MEDIAN

Consider a random variable ¢ = X € R? The geometric median of X is defined by
0* = argmingcra E[|| X — 0| — || X]|]. Let {X¢1,...,Xin}i>1 be iid variables arriving
sequentially in blocks. Then, the SSN and WASSN methods are defined by (9) and (10),
with

n

Xt+1 T 07&
Vof(0p; Xes1) = Z Xeis =0

and Sy, is defined by (11) with

X — 0 X i +vUp s — 60— X — 0
ap; = w and By, = 0 ol — 01 Agyj — O
Ui 1 Xt + iU — 01|l || Xej — Ol
for j € {1,...,n}, where vy = m and Uy ; are zero-mean i.i.d vectors, with moments of

any orders and simulated independently from X; ;» and with covariance equal to the identity
(Godichon-Baggioni and Lu, 2024). Typically, U; ; are standard Gaussian vectors.

Corollary 3 Suppose Godichon-Baggioni and Lu (2024, Assumption 1 and 2) hold and let

H=E o Id—(X ) (X 20) , and X =E X —0) (X 20) .
| X — 6] X — 6] | X — 6]
Then,
lIl(Nt) hl(Nt)
_ 0|12 — —_p*2 —
16 — 6| (9< N7 > a.s., 04,0 — 0% (’)( N, a.s.,
and

\/>(0tw—9*)—>N(OH12H b.

t—+o00

The proof as well as the assumptions are given in Appendix C.11. Similarly to Corollary 2,
the results in Corollary 3 remains true when using ;_1,, in oy ; and ®; ; instead of 6;_;.

6. Experiments

In this section, we empirically evaluate our adaptive stochastic optimization methods, fo-
cusing on three fundamental problems: linear regression (Section 5.2.1), logistic regression
(Section 5.2.2), and the estimation of the geometric median (Section 5.2.3). First, in Sec-
tion 6.1, we explore our methods under complex covariance structures and bad initializations
using synthetic data. In particular, in Section 6.1.1 we compare the computational costs
of our adaptive methods with both first- and second-order methods, demonstrating that
the computational efficiency of our adaptive methods aligns closely with that of first-order
methods. Next, in Section 6.2, we evaluate and compare the methods on classification tasks
using UCI datasets.

12
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6.1 Synthetic Experiments

We generate samples of d-dimensional Gaussian random vectors X ~ N(0,X). We consider
two structures for the covariance matrix ¥: (1) simple covariance, where ¥ is the identity
matrix I4, implying no correlations, and (2) complex covariance, where ¥;; =i and ¥;; =
0.9"=3l for 14, j =1,...,d. These choices of covariance structures allow us to explore the
adaptability of our methods under diverse conditions, including strong correlations between
the coordinates of X.

For our experiments, we set d = 100 to emphasize the challenges posed by moderately
high dimensionality. This choice serves to highlight the scalability and robustness of our
proposed methods. Within this setting, the Hessian associated with the model exhibits a
wide range of eigenvalues, with the largest eigenvalue being several hundred times larger
than the smallest one.

We imposed several restrictions on hyperparameters to theoretically derive the convergence
rates of the algorithms. However, in our experiments, we set 74 = C,(t + t9) 7 with C, =1
for the linear and logistic regression, and C., = v/d for the geometric median, to = d, and
v = 3/4. The weight parameters for both the estimates and Hessian approximations are set to
2, i.e., w = w' = 2. The initial Hessian for SSN and WASSN are set to AI; with A = 0.001 for
linear regression and logistic regression, and A = 0.05 for the geometric median. While these
settings serve as a proof-of-concept, one could fine-tune these parameters further; for instance,
higher values of w (and w’) would enhance adaptability. In the figures, the SSN algorithm
corresponds to the case where C, = 1 and v = 1 without averaging (Appendix B.2).

We set the mini-batch size n equal to the dimension d, which allows our adaptive quasi-
Newton’s method to maintain the same computational cost of first-order methods while
incorporating second-order information. Notable, our results clearly demonstrate that this
approach significantly improves performance compared to AdaGrad and SGD. Specifically,
when dealing with highly correlated data, the AdaGrad algorithm’s adaptive step size
becomes less effective, whereas quasi-Newton’s methods excel. Particularly, in scenarios
involving less-than-ideal initializations (as depicted on the right side of the figures), both
quasi-Newton’s methods show outstanding performance.

Leveraging this setup, we demonstrate the adaptability of our methods when dealing with
moderately high-dimensional datasets with complex covariance structures. Our experiments
underscore the efficiency of our adaptive quasi-Newton’s method compared to first-order
gradient methods and highlight its state-of-the-art performance in terms of both convergence
speed and accuracy.

6.1.1 COMPUTATIONAL EFFICIENCY

In our experiments, we investigate various optimization methods, including SGD, AdaGrad,
our streaming AdaGrad detailed in Appendix B.3, along with their iterated weighted Polyak-
Ruppert averages. Additionally, we explore previous quasi-Newton algorithm (SN) and
(WASN) (Boyer and Godichon-Baggioni, 2023), our streaming stochastic quasi-Newton (SSN)
and our weighted Polyak-Ruppert averaged streaming stochastic quasi-Newton (WASSN) from
Section 5.1. For SNN and WASSN, we set p =1 (i.e., O(d>N;) computations) and p = 1/d
(i.e., O(dN;) computations) to explore the loss of not updating the whole Hessian at each step.

13
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In Figure 1, we present the running times of the vari- w 1
ous algorithms considered. Here, we can see that Ada- %f %?
Grad, streaming AdaGrad, SSN (p = 1/d), and WASSN I
(p = 1/d) all have similar running times to SGD. This 3
indicates that the more sophisticated algorithms incorpo- : |
rating second-order information and adaptive step sizes : -
do not incur significant additional computational costs
compared to the simpler SGD. Furthermore, the iterative
weighted average does not add any significant computa-
tional overhead, maintaining efficiency while enhancing Figure 1: Running times (in

SGD Adagrad SN WASN Streaming SSN  WASSN  SSN  WASSN
A

r
dagrad (p=1/d) (p=1/d) (p=1) (p=1)

performance. seconds) for the algorithms con-
sidered. These running times are
6.1.2 LINEAR REGRESSION based on processing one million

samples (i.e., Ny = 1,000, 000),
with a dimension of d = 100, and
a mini-batch size of n = 100.

In the context of linear regression, we aim to evaluate
the performance of our adaptive stochastic optimization
methods for fitting linear models to the data. This entails
modeling a linear relationship where the dependent vari-
able y is expressed as a linear combination of the feature
vector x and a parameter vector 8*. We follow the approach
Boyer and Godichon-Baggioni (2023) and set 6* = (—d/2, —(d —1)/2,...,(d —1)/2,d/2)".

— sGD
| == SGD (averaged)
Adagrad

Adagrad (averaged)
1024 =—— SN

—=+ WASN

,| — Streaming Adagrad
-~ Streaming Adagrad (averaged)
—— SSN (p=1/d)

104 — WASSN (p=1/d)

----- SSN (p=1)

IR IR WASSN (p=1)

— SGD
.| =~ SGD (averaged)

Adagrad

Adagrad (averaged)

107% 4 = SN

—=+ WASN

_,| — streaming Adagrad

-~ Streaming Adagrad (averaged)
—— SSN (p=1/d)

10t —— WASSN (p=1/d)

----- SSN (p=1)

IRIREE WASSN (p=1)

— sGD

== SGD (averaged)
Adagrad

107 Adagrad (averaged)

—— SN

—=+ WASN

—— Streaming Adagrad
104 ~ = Streaming Adagrad (averaged)
—— SSN (p=1/d)

—— WASSN (p=1/d)

----- SSN (p=1)

104 f e WASSN (p=1)

Figure 2: Linear regression. Each curve shows |6 — 6*|| averaged over 50 epochs with
different initial points and one million samples. Initial points 8y are generated as 8y = 0* +rU,
where U is a random variable on the unit sphere of R? and r € {1,5}. Left: simple covariance
with r = 1; middle: complex covariance with r = 1; right: complex covariance with r = 5.

In Figure 2, we observe that all algorithms perform well in the well-posed setting with
no correlation and good initialization. However, introducing correlations causes SGD to
diverge, while both AdaGrad and quasi-Newton’s methods still manage to converge. This
can be attributed to their innate capability to handle the diagonal structure of the Hessian
matrix, which comprises eigenvalues at different scales. It’s important to note that while the
AdaGrad algorithm adapts its step size, it may be less effective when confronted with highly
correlated data and less-than-ideal initializations (as depicted on the right side of the figure).
In contrast, our adaptive Quasi-Newton’s methods demonstrate outstanding performance in
all cases. Notably, the WASSN, with only O(dN;) computational costs, performs close to
the full Hessian versions (streaming, SN and WASN).
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6.1.3 LoaGIisTiC REGRESSION

In logistic regression, our focus shifts to evaluating the performance of our adaptive stochastic
optimization methods within the realm of binary classification. Logistic regression models
the probability of a data point belonging to one of two classes based on predictor variables.
We utilize a sigmoid function to transform a linear combination of the feature vector X and
the parameter vector 6* into class probabilities. Inspired by Boyer and Godichon-Baggioni
(2023), we choose §* € R? with all components equal to 0.1. Unlike the linear regression
setting, logistic regression exhibits intrinsic non-linearity, which makes the impact of the
covariance structures less clear.

— sSGD y — sSGD
— = SGD (avera ged) == SGD (averaged)
T > 10 Adagrad

Adagrad (averaged)
— SN
2] == wasN
—— Streaming Adagrad
-~ Streaming Adagrad (averaged)
—— SSN (p=1/d)

"1 — sep

Adagrad (averaged)

— SN

—=+ WASN

—— Streaming Adagrad

~ -+ Streaming Adagrad (averaged)
—— SSN (p=1/d)

—— WASSN (p=1/d)

----- SSN (p=1)

----- WASSN (p=1)

Adagrad (averaged)
—— SN

==+ WASN

—— Streaming Adagrad
~ - Streaming Adagrad (averaged)
1079 SSN (p=1/d)

—— WASSN (p=1/d) 1074 — WASSN (p=1/d)
'''' SSN (p=1) weer SSN(p=1)

----- WASSN (p=1) N ~eees WASSN (p=1) \

Figure 3: Logistic regression. Each curve shows ||0; — 6*|| averaged over 50 epochs with
different initial points and one million samples. Initial points 6 are generated as 8y = 6* +rU,
where U is a random variable on the unit sphere of R? and r € {1,5}. Left: simple covariance
with » = 1; middle: complex covariance with r = 1; right: complex covariance with r = 5.

In Figure 3, our adaptive quasi-Newton methods consistently perform well across all
configurations. The streaming AdaGrad algorithm also performs well as long as the initial
point is not too far from the solution. In scenarios involving less-than-ideal initializations, as
depicted on the right side of the figure, the best performance is achieved by the SSN/WASSN.
This exceptional asymptotic behavior is enabled by the incorporation of weighted estimates,
assigning greater significance to the most recent ones, distinguishing it from the usual
Polyak-Ruppert averaging quasi-Newton’s method, as elaborated in Cénac et al. (2020).

6.1.4 GEOMETRIC MEDIAN

In the context of geometric median estimation, we aim to evaluate the performance of
our adaptive stochastic optimization methods for estimating the geometric median of a
distribution with median 6* = (—=d/2, —(d —1)/2,...,(d —1)/2,d/2)".

In Figure 4, we observe our adaptive quasi-Newton methods, particularly the averaged
versions, demonstrate superior performance, especially in scenarios with suboptimal ini-
tializations. Similar to the previous experiments, our adaptive Quasi-Newton methods
show remarkable robustness and efficiency. The SSN method, with its weighted estimates,
WASSN;, stands out by maintaining high performance even when starting points are far from
the solution. This is particularly evident under complex covariance structures and larger
initialization offsets, as shown on the right side of the figure. These results highlight the
advantages of incorporating second-order information and adaptive weighting in optimization
algorithms.
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S,
—— SGD \N —— SGD
~ = SGD (avera ged) \ 10°4 == SGD (averaged)

— sGD

== SGD (averaged)
Adagrad

1072 Adagrad (averaged)

— SN

==+ WASN

Adagrad (averaged)

—=+ WASN K 101 ] == WASN

—— Streaming Adagrad Yy —— Streaming Adagrad
~ = Streaming Adagrad (averaged) ~ = Streaming Adagrad (averaged)
—— SSN (p=1/d) —— SSN (p=1/d)

102 | —— WASSN (p=1/d)
----- SSN (p=1)

----- WASSN (p=1)

—— Streaming Adagrad
10§ ~ =+ Streaming Adagrad (averaged)
—— SSN (p=1/d)

—— WASSN (p=1/d)

----- SSN (p=1)

104 f e WASSN (p=1)

= WASSN (p = 1/d)
107 Lo SSN (p=1)
----- WASSN (p=1)

Figure 4: Geometric median. Each curve shows ||6; — 6*|| averaged over 50 epochs with
different initial points and one million samples. Initial points 6y are generated as 8y = 6* +rU,
where U is a random variable on the unit sphere of R? and r € {1,5}. Left: simple covariance
with » = 1; middle: complex covariance with r = 1; right: complex covariance with r = 5.

6.2 Real-World Experiments

In this section, we evaluate the performance of our methods on logistic regression for binary
classification tasks using three UCI datasets (Kelly et al.): Adult, Higgs, and Statlog. For
consistency, we used the same hyperparameters as outlined in Section 6.1.

Figure 5 presents the averaged loss curves for each dataset under different initialization
conditions. The columns, from left to right, correspond to the Adult, Higgs, and Statlog
datasets. The top row represents narrow initializations, while the bottom row illustrates
wider initializations, simulating more challenging starting points.

Across all datasets and initialization configurations, our methods, SSN and WASSN,
consistently demonstrate strong performance, comparable to full Hessian Newton methods.
In particular, the weighted averaged streaming stochastic quasi-Newton method (WASSN)
closely matches the performance of the full Hessian method (p = 1), even under more difficult
initialization conditions. Our streaming AdaGrad method also exhibits strong convergence
behavior. Under wider initializations, while its performance falls short of the quasi-Newton
methods, it remains superior to both standard AdaGrad and SGD.

Conclusion and Future Work

In this work, we addressed the unique challenges posed by streaming data in the context of
stochastic optimization. The continuous influx of large, high-dimensional data necessitates
adaptive approaches that can effectively handle ill-conditioned problems while maintaining
computational efficiency. Our contributions lie in the development of adaptive stochastic
optimization methods, particularly an inversion-free adaptive Quasi-Newton’s method with a
computational complexity matching that of first-order methods, O(dNy), where d represents
the number of dimensions/features, and N; denotes the quantity of data up to time ¢.

Theoretical analyses have confirmed the asymptotic efficiency of our proposed methods.
By dynamically adjusting learning rates per-dimension and incorporating historical gradient
or Hessian information, our methods exhibit adaptability and efficiency in navigating through
the complexities of ill-conditioned problems. Notably, the introduction of a weighted averaged
version enhances the adaptability and robustness of our methods, particularly in scenarios
involving complex covariance structures and challenging initializations.
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Figure 5: Logistic regression for classification. Each curve shows the loss averaged over ten
epochs with different initial points. Initial points 0y are generated as 0y = rU, where U is a
random variable on the unit sphere of R? and r € {1,5}. The first row represents r = 1, and
the bottom row corresponds to r = 5. The columns, from left to right, correspond to the
Adult, Higgs, and Statlog datasets.

One significant contribution is the inversion-free adaptive Quasi-Newton’s method in
Section 5.1, which strikes a balance between addressing ill-conditioned problems and meeting
the computational demands of streaming data. This innovation allows us to harness the
advantages of second-order information while aligning with the computational complexity
of first-order methods. Empirical evidence demonstrates the effectiveness of our adaptive
methods, showcasing superior performance, especially in challenging scenarios.

In conclusion, our adaptive stochastic optimization methods offer a versatile solution
for streaming data settings, providing an efficient and adaptive framework for handling
ill-conditioned problems. The inversion-free adaptive Quasi-Newton’s method, in particular,
stands out as a computationally efficient alternative that bridges the gap between first-order
and second-order methods. As we look ahead, further exploration of real-world applications,
theoretical advancements, and extensions to non-convex settings will be key directions for
future research in this evolving field.

Future work Looking ahead, there are several promising directions for future research:
(a) Non-convex analysis. Extending our methodologies to non-convex optimization problems
is a crucial next step. Analyzing the behavior and convergence properties of our stream-
ing AdaGrad algorithm in non-convex scenarios will contribute to a more comprehensive
understanding of their applicability across diverse optimization landscapes such as Neural
Networks. (b) Dimensionality effects. Although it is obvious that considering the case where
the dimension is larger than the sample size in our streaming setting is unrealistic, an other
important perspective would be to quantify theoretically the impact of the dimension on
the quality of the estimates. (c) Time-dependent observations. The streaming context often
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involves time-dependent observations, and our current work assumes independence among the
data points. Investigating extensions of our methods to handle dependent observations will
be essential for real-world applications where temporal or spatial dependencies are prevalent.
Recently, Godichon-Baggioni et al. (2023a) showed that increasing mini-batches can break
both short- and long-term dependence structures. These future research directions aim
to refine the versatility and robustness of our adaptive stochastic optimization methods,
ensuring their effectiveness across a broader spectrum of optimization challenges.
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Appendix

Appendix A contains the theoretical analysis of Section 4 with increasing mini-batches.
Appendix B presents additional applications of our methodology; for example, AdaGrad
and stochastic quasi-Newton methods under different learning rates, both with and without
weighted averaging. Appendix C contains the proofs of the theoretical analysis in Section 4
and Appendix A

Appendix A. Theoretical Analysis with Increasing Mini-Batches

In this appendix, we examine our adaptive methods in the context of increasing mini-batches
and provide the corresponding translations of the various theorems. The motivation for
considering increasing mini-batches comes from recent work by Godichon-Baggioni et al.
(2023a), which demonstrated that this approach can accelerate convergence and break long-
and short-term dependence structures.

Following, Godichon-Baggioni et al. (2023a,b), we consider mini-batches of the form
ny = |Cpt?| with C, € N. Moreover, we suppose that the learning rate v; = Cﬁmft‘”, which

roughly means that ~ ~ CVC,? t~7*tBr Adding the term nf to the learning rate enables us
to put more weight on (presumably) more precise gradient steps, as they are estimated with

larger mini-batches n;. We suppose that v — gp € (1/2,1) and v > w.

A.1 Adaptive Stochastic Optimization Methods

This section presents the results for increasing mini-batches corresponding to Section 4.1.
When considering increasing mini-batches, our adaptive stochastic optimization methods are
defined as in (2), namely as

Or1 =0y — Y1 AV f(0;641), 60 € RY,
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where Vo f (055 &41) = niy Siti! Vo f (043 &41,)- In this case, the conditions in (5) should
be modified to

)\max(At)27t+1 a.s.
)\min (At) t—+o00

(A1)

2
ZVt)\min(At—l) = 400 a.s., Z ;}%)\maX(AAt—l)2 < +o0 a.s.,
t>1 t>1

Under these conditions outlined in (A.1), we have the strong consistency of the estimates
derived from (2), similar to the results in Theorem 1.

Theorem A.1 Suppose Assumptions 1 to 5 hold, along with the conditions in (A.1). Then
0; converges almost surely to 6.

Similarly, we have the rate of convergence for (2) as in Theorem 2:

Theorem A.2 Suppose Assumptions 1 to 4 hold, along with the conditions in (A.1). In
addition, assume there exists positive constants Cy, and n > 76 1 such that for all 6 € R?,

E [[Vof(6; O] < Cy(1 + F(8:) — F(67))' . (A.2)
Then,

—p—+Bp
16, — 6*||> = O <ln(Nt)Nt T+e ) a.s.

Note that the rate of convergence in Theorem A.2 reproduce the results of the constant
mini-batch case in Theorem 2 when n; =n = C,, =0, and p = 0.

A.2 The Weighted Averaged Version

As in Section 4.2, we consider the weighted averaged version of our adaptive stochastic
optimization methods. The weighted estimates of (3) (with time-varying mini-batches) are
defined as follows:

atw:

, ZtlnHlnH—l anﬂlnz—i-l Y, w >0,
i=0 T

. . o 3 nt+1 ln(t+1) .
which can be written recursively as 6;11 .4, = 0t e (i)Y (0 — O ).

Similarly to Theorem 3, we have the rate of convergence and the optimal asymptotic
normality of these weighted estimates:

Theorem A.3 Suppose Assumptions 1 to 5 hold, along with inequality (A.2). In addition,
assume there exists a positive constant v such that

1
|A: — Allop = O <t”> a.s.

Then,
%"’1{ p(1-B)+~
”*le}
In(V, f + — B) + ¥ +p
9 o* 2 = 2vtp(1-p)+y a.s., if 2v p(l ) =1 ’
H t,w H Ny e
O ln(l t) S 7, 2V + (]. - ﬁ) ]-
N a.s., J P v > p-
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Moreover, if 2v+ p(1 — B) +v > 1+ p, then

VN (O — 0F) —5— N(0, VEF(0*)'SV2F (%) 7)),

t—+o00

Similarly to Theorem 4, we can establish the asymptotic efficiency without relying on a
(weak) rate of convergence of A;:

Theorem A.4 Suppose Assumptions 1 to 5 hold, along with inequality (A.2). In addition,
assume there exists a positive constant v’ > 1/2 such that

t—1
1 y=p(f+1) 1
— Ny In(i41)w+1/2+0 AT — AT |op (i1 z =0 <,> a.s.,
Stz i In(i + 1)@ ; ity i = A lop (1) {(T+p)0
(A.3)

for some § > 0. Then,

hl(Nt)
Ny

160—0%|> = O ( ) a.s., and +/Ni(0;.,—0%) ﬁ N(0,V2F(0")'2V2EF(6*)7h).

Appendix B. Applications to Newton’s method and AdaGrad

As in Section 5, we apply our adaptive stochastic optimization methodology to (stochastic)
Newton’s methods (but with increasing mini-batches). In particular, we consider the Newton’s
methods with the possibly O(dN;) operations, analogues to Appendix B.2 and Section 5.1.

B.1 Direct Streaming Stochastic Newton’s Method

In the special case of stochastic Newton’s methods, one can obtain the asymptotic efficiency
without averaging by taking a step sequence of the form 4 = 1/t.2 The streaming stochastic
Newton algorithm is defined by the update:

1 -
Ory1 = 0; — mHt 1V0f(9t§§t+1)7 0o € Rda (B.4)

where Vo f(0s;&41) =n~! o1 Vof (04 &41,) and H, is an approximation of the Hessian
of F.

The asymptotic efficiency of the streaming version of the stochastic Newton’s method
can now be articulated as follows:

Theorem B.5 Suppose Assumptions 1, 2, 3, and 5 hold, along with inequality (6). Then, 0,
converges almost surely to 0*. In addition, assume H{l converges almost surely to VgF(ﬁ*)_l.

Then,
I 012 =0 (55 s

Ny

Moreover, assume there exists a positive constant v such that ||H; ' — V2F(0*) " op =
O(1/tv) a.s.. Then

Vb~ 07) 5 N(O, V3F(67) ' SVEF(07) 7).

2. Observe, in the increasing batch-size case in Appendix A, one should take v = nt/n,.
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Remark B.1 Observe that assuming the convergence of Ft_l could be considered unrealistic.
Howewver, at this point, the strong consistency of s is already established. Then, the consistency

of Hy is verified, for example, if E [oz”q) CIDT | F! ij—1| converges to H=' when i goes to
infinity, and if for all i, j

4
E [0 1@ull* 11| Lygo-omi<any < Mo,

for some My, My > 0. This is satisfied, for instance (under weak conditions), for the case of
linear and logistic regression and the estimation of the geometric median; see the proofs of
Corollaries 1 to 3

B.2 Direct Streaming Stochastic Newton’s methods with possibly O(dN;)
operations

The direct stochastic Newton’s method presented in Appendix B.1 is associated with com-
putational costs of O(d2N;), which can be computationally expensive, especially in high-
dimensional streaming settings. To address this challenge and following the idea given in
Section 5.1. Specifically, we consider Hessian estimates H; = Ntlet of the form

t n
T
Hi=Ho+ 3 } aij®ii®l,
i=1 j=1
with Hy symmetric and positive, o; ; € Ry and ®; ; € R?. Observe that these quantities
may depend on ;1 or 6;_1,. We now introduce the direct streaming stochastic Newton’s

method using weighted Hessian estimates:

1
0t+1 = 0t - t+ 1 tw v@f(etu gt-i—l) 90 € Rd? (B5>

where Vo f(01;&41) = n~ 1 Y0 Vof (0 &41) and Hy oy = Ny, 7 Hy wr with

t n
thwl = H07w, + Z ]‘Il(Z + 1 v Z ( ] (l”l,]el,] Z ] + a7’7]® @ ) ? (B.6>
i=1 j=1

with Ny z =1+ Zle In(i + 1) Z 1 Zij, Ho symmetric and positive, w’ > 0, and Z; ; are
iid with Z;; ~ B(p) for some p € (0,1]. In addition, let Nypz = (14 31251 Y0y Zij +
Z?:l Zy5), tij = N ;7 for v € (0,1/2), and €; ; be the (N; ;7 modulo d +1)-th component

of the canonical basis.
Let us recall that with the help of Riccati’s formula (Duflo, 2013), one can update the

inverse of Hyyq,, as follows: for all j = {1,,...,n}
Zt+1 L
- - JUt+1,5 -1 -
Ht+ w’ H+7 Low’ - I{t+g w’ et+1’]et+17]H +7 L w!
2,“ 2n ]_ + Lt+1 J€t+1]Ht+3 1 w,et+1 7 2n
and for all j ={n+1,...,2n}
H— _ H—l at,j—nZt+1,] n H_ (I) q)T H_
t+ ! il T = t+i=t ti—nPej—ntly i1
2n 2n 1+O[tj_n®tj nHt+J 1 (bt] n 2
’ ) ,w’ ’
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We now ensure that this method is still asymptotically efficient. In this aim, let us the
following o algebra: F/_; =0 (§&1.1, - &—1m Zt1s - L) -

Theorem B.6 Suppose Assumptions 1 to § and 5 hold and ¢, > 0. In addition, assume that
there exist positive constants Cyy and ' > 2 such that for any t > 1 and j € {1,...,n},

DI[EPNE IRT

MFL <O

Then, 0; and 0, converges almost surely to 0*. Suppose also that E [at,jq)t’j®t7j|f£71}
converges almost surely to H, then

In( 4V,

Finally, assuming also that ||E [oy j @y ;e 5| F_ ] — H|| = O(t™") for some v > 0, then
VN (0 — 67%) # N(0,VZF(0*) 'SV2F(6F) 7).

Observe that contrary to Theorem 3, no restriction on v is necessary.
B.2.1 STREAMING STOCHASTIC NEWTON’S METHODS WITH POSSIBLY O(dN;)
OPERATIONS

Expanding the mini-batch scenario from Appendix B.2 leads to the formulation of the
streaming variant of stochastic Newton’s method, as defined by:

1 g1
Op1 =0 — mHt,w’ ; Vo f(0s;&41,4), (B.7)

where H; ., = thzlﬂt,w, with

t i

Ht7wl = H07w/ + Z ln(t, + 1)w Z Zt/7i (Ltl?létlﬂég:ﬂ + atlvz(btlv’L@;lr’z) ’
t'=1 i=1

Wi‘gh Nzi=1+ Z:’:l In(¢t' + l)w/ Z?;’l Zyp ;. In addition, let Nz;; = (14 Zi,;ll ;Lt:’l Zy j+

Y1 Zeg), wi=cNyy ., L€ (011%’;)), ey i is the (Nzy_1,; modulo d +1)-th componant

j=1 Pl
of the canonical basis.

As in Theorem B.6, we can establish the rate of convergence and the asymptotic normality
of (B.7). In this aim, let us the following o algebra: F, | = o (5171, o &t Lt th).

Theorem B.7 Suppose Assumptions 1 to 8 and 5 hold.In addition, assume that there exist
positive constants Cpy and ' > 2 such that for any t > 1 and j € {1,...,n},

E([lxe, @1, 3® 11" | Fea] < C.
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Then, 0; and 0, converge almost surely to 6*. Suppose also that E [at,jq)t,j‘bt,j‘ft/—ﬂ
converges almost surely to H, then

In(V;
I 012 =0 () s
Finally, assuming also that HE [atjCI)t,j(I)t’j\fg_l] - HH = O(t™") for some v > 0, then
In(V;
16: — 6*||* = O (ngvj)) a.s
Moreover, suppose that the Hessian of F is locally Lipschitz on a neighborhood around 0*

and that ' > 2. Then,
VN (0~ 0") == N (0. V3F(6)SVRF(67) ).

B.2.2 WEIGHTED AVERAGED VERSION OF STREAMING STOCHASTIC NEWTON’S
METHODS WITH POSSIBLY O(dN;) OPERATIONS

The weighted averaged version outlined in Section 5.1 can similarly be adapted to the

increasing mini-batch case. The weighted averaged streaming stochastic Newton’s method is
defined as

net1
Ori1 = 0; — ’Yt+15',;i/L D Vol (0 &),
e
ner1 In(t 4+ 1)%
> i M1 (i 4 1)v
where v = C&m?t_7 and SM/ = thzlsuw/ with

0t+1,w = et,w (9t - et,w)a (B'S)

t Tyt
/
St,w’ = So7w/ + E ln(t' + l)w E Zt’,i <[’t’,iet’,i6$,i + at’,i(I)t’,i(I);,i) ,
t'=1 1=1

with Sy symmetric and positive, ¢y ; = C,N,}, . with . € (0, min{'y_pg’al_fjpﬁ_l—i_p}), which
is possible since v — pf € (1/2,1).

Like in Theorem 5, we have the following asymptotic optimality:
Theorem B.8 Suppose Assumptions 1 to § and 5 hold, along the condition (A.2). In
addition, assume that there exist positive constants Cyy and ' > 2 such that for any t > 1
and j € {1,...,n},

E]|a,j @13/ [Fiy) < O

Then 0; and 8., converge almost surely to 6*. Suppose also that gt,w' converges almost surely
to H, then

N In(V . In(Ny)
16 — 6*)> = © % as.  and |0 — 67 =0 <§vt> ,
Nt 1+p t

In addition,
VN; (0.0 — 07) ﬁ N (0, V2F(6*) 'SV2F(6%) ) .
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B.3 Streaming AdaGrad and its Weighted Averaged Version

In this section, we apply our adaptive stochastic optimization methodology to AdaGrad
(Duchi et al., 2011). Our adaptation results in a streaming version of AdaGrad, specifically
tailored for efficient handling of evolving data streams. Additionally, we introduce the
weighted averaged version of streaming AdaGrad, enhancing adaptability and accelerating
convergence.

B.3.1 STREAMING ADAGRAD WITH CONSTANT MINI-BATCHES

The recursive definitions for streaming AdaGrad and its weighted averaged version are as
follows:

Ori1 =0; — Ye41G:Vof (0r; &41), 0o € RY, (B.9)

In(t 4+ 1)*
ST a4 1) (01 — O1.1), (B.10)

where Vo f(0y;&41) =n~t Yo Vo f(04;€41,4) and Gy is a diagonal matrix with k-th element
ng) for k=1,...,d, given as

9t+1,w :et,w

—-1/2

t n
. 1 0
o= (4 [+ S5 rovesr) )

i=1 j=1

with V&) denoting the partial derivative with respect to k-th element of 6, i.e., oK),

To mitigate the potential divergence of the eigenvalues of G, we employ a technique
introduced by Godichon-Baggioni and Tarrago (2023), resulting in a mild modification of
the standard random matrix G;. The modification is expressed as:

—-1/2

t n
1! / 1
ng) = max Cﬁ//tﬂ ,min Cﬁ/tﬂ y 7N Gék) + § E ;{jf(et—l; 6’%])2 )
t - -
=1 j=1

with Cg/, Cgr > 0. In this formulation, the addition of the min-term in G aids in controlling
the potential divergence of its largest eigenvalue, while the max-term ensures a lower bound for
the smallest eigenvalue. Precisely, selecting v € (1/2,1), 8’ € (0,7 —1/2), and 8" € (v —1,0)
satisfies 28" — v — 8" < 0, which ensures the conditions in (5) are satisfied.

With these modifications in place, we can now establish the rate of convergence and
asymptotic normality.

Theorem B.9 Suppose Assumptions 1 to 5 and 5 hold, along with inequality (6). In addition,
assume that the variance V[%f(@*; €)] >0 fork=1,...,d. Then,

In(Ny) In(Ny)
0, — 0% = 8. Orw — 0> =0 —— ) a.s.
I~ =0 () as -2 =0 (PG s,

and

V(O = 67) = N (0, V3F(67) ' SV3F(67) 7).
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B.3.2 STREAMING ADAGRAD WITH INCREASING MINI-BATCHES

For the increasing mini-batch case, the streaming AdaGrad variant and its weighted averaged
version is defined recursively by

0141 = 0 — 141G Vo f (0156141), 00 € RY,
1 1w
meal( " g )
> im0 i1 (i + 1)®

0t+1,w = et,w +

where Vo f(6s;&41) = n;_ll T Vo f (04 &41,) and Gy is a diagonal matrix with, denoting
by ng) the k-th element of the diagonal of G,

—1/2
t ne 2
k " . / 1 k 8
G;E ) = max Cﬁ//tﬁ , INin Cg/tﬁ 5 ﬁt G(() ) + Z Z (akf(eth g’h])>

i=1 j=1

Remark that the add of the minimum in the expression of G} enables to control the possible
divergence of the larges eigenvalue of Gy while the max term enables to lower bound the
smallest eigenvalue. More precisely, taking v — p € (1/2,1), 8’ € (0,7 + p(% —-pB)—1/2)
and " € (v — Bp — 1,0) satistying 28" — v + Sp — 8" < 0 enables to verify the conditions in
(A.1). To simplify it, one can take 8 < v — Bp — 1/2. Then, Theorem B.9 can be written as
follows:

Theorem B.10 Suppose Assumptions 1 to § and 5 hold, along with the conditions in (A.2).
In addition, assume that the variance V [%f(@*;{)] >0 fork=1,...,d. Then,

. In(Vy) . In(Vy)
o -0 =0 [ 20 ) wss o -0t = 0 (M0 s,
N 1+p Nt
t

and
VNi(Brw — 07) —E— N (0, V3F(6%) 'SVEF(6%) 7).

t——+o0

Appendix C. Proofs

The proof are solely presented for the increasing mini-batch case outlined in Appendix A, as
the constant mini-batch case corresponds to ny =n = C,, =0, and p = 0.

For the sake of simplicity, in all the sequel, since n; ~ C,t”, we will make the abuse that
ne = C,pt”. To lighten the notation, we let H denote VZF(6*). In addition, let fi41 and

ft’+1’i denote Vg f(0;;&+1) and Vo f(6s; &1,i), respectively.

C.1 Proof of Theorems 1 and A.1

Let V; denote F(6;) — F(6*). Observe that with the help of a Taylor’s expansion of the
objective function F' and since the Hessian is uniformly bounded (Assumption 2), then one
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has
L
Vier S Vi+VoF(0)" (0141 — 01) + %H@H — 042
Lyvr
<Vi— ’Yt+1V9F(9t)TAtftI+1 + ?’Y?Jrl)\max(At)QHft/JrlHZ-

Before taking the conditional expectation, recall from Godichon-Baggioni et al. (2023b) that
1 1 .
E[l fi41 1717 = EE[Hft'+1,i\|2|7:t]+HVvF(9t)||2 < EC(HF(@]&)—F(@ ) HIVoF (6:)].

Thus, we obtain that
E[Vii1 7] <Vi — 741V F (0:) T AV F(6;)

L C
+ %’Vterl)‘maX(At)Q <
Ng+1

2 A 2
< <1 n Ly rC Yiit1 Amax(At) > v
2 Nt4+1

(14 F(6,) — F(67) + ||veF<et>H2>

L
=l VO FO1? (Amanl) — 52041 A (407

LyrC %Q-s-l)‘max(At)Z
+ .
2 Nt41

2
Observe that as % converges almost surely to zero for any constant C' € (0, 1) due

to the conditions in (A.1). Then, 1 converges almost surely to

{E5E 41 Amax (4022 Cmin (A1) }
zero as well. Thus, we have that

LVFC ’Yt2+1 )\max (At)2
2 g1

I LyrC 71;2+1>‘maX(At)2

E[Vii1]Fi] < <1 + > Vi = (1= C)Yer1 Amin (A0) [ Vo F (6 |2

2 Nit1
LVFC 2 2 2
Ty e A (ASIVOF OO g s ermntan}

Next, since 1 { } converges almost surely to zero and by the condi-

L/VTF’Yt+1)\maX(At)220>\min(At)
tions in (A.1);

2
3 Dea A (A1)

T41

< +00 a.s.,
t>0

and

2 A)*1 < +00 a.s
;/Yt+1 maX( t) {%7t+1||VF(0t)||2>\max(At)ZZC)\min(At)} Y

then, applying Robbins-Siegmund’s theorem gives that V; converges almost surely to a finite
random variable and

> 1 min (A Vo F (01 < +o0 a.s.,
t>0
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meaning, that liminf;||VeF (6;)]|> = 0 a.s., such that liminf, V; = 0 a.s., i.e., V; converges
almost surely to zero, which concludes the proof.

C.2 Proof of Theorems 2 and A.2

Following the reasoning of Antonakopoulos et al. (2022, page 11), AH and AY2H AY? have
the same eigenvalues. Indeed, for any A € R,

det (AV2HAV? — A1) = det (A7Y/2 (AHAY2 - 2A1/2))
= det <A‘1/2 (AH — \Iy) Al/?)
det (AH - )\Id) .

Then, there exists matrix @ and a positive diagonal matrix D, such that AH = Q1 DQ.
Thus,

QOrr1 —0") = Q(O; — 0) — 1111QA f 1 = Q(0: — 07) — 1111QANV9F (0:) + 7111QAE 41,

where =11 = VgF(0;) — f{,;. By linearizing the gradient one has

Q(9t+1 - 9*) = Q(et - 9*) - %+1QAtH(9t - 9*) =+ ’Yt+1QAtEt+1 - 'Yt+1QAt5t7

where 0; = VoF(6;) — H(6; — 0*) is the remainder term of the Taylor’s expansion of the
gradient. Next, we have

Q(Or1 —07) =Q (01 — 0) — v 1QAH (0 — 07) — y11Q (Ar — A) H (0, — 07)
+ Y41QAE 1 — Y41Q Ay
=g = 1+1D)Q (6 — 0") = 141Q (Ar — A) H (6, — 07)
+ Y4+1QAE 11 — V+1Q Aot (C.11)

Observe that in the case where A = H~!, i.e., in the stochastic Newton’s method, one has
D = Q = I;. With the help of induction, one has by (C.11) that

RQYTZZ
Ry 1= T1 1
Q (07 — %) = Br.oQ (60 — 0°) = > Bruy1in1@Q (A — A) H (6, — 0°) = > Bras1mi1 QA
t=0 t=0
T—1
+ ) BrinQAE s, (C.12)
t=0
M=
where fr; = HJT t41 Ua — ;D) and Br,r = I4. The rest of the proof consists in giving the

rate of convergence of each term on the right-hand side of decomposition (C.12) for both
cases, i.e., for the constant mini-batches and increasing mini-batches.
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Rate of convergence for R;r Since D is a positive diagonal matrix, and since -; is
decreasing, there is a rank ¢ such that for all t > to, |14 — v D|lop < 1 — Amin(D)7y:. Then,
for all T > tg,

T

to—
187014y < H (1 + YAmax(D)) [ (1 = % Amin(D))
t=1 t=to
<exp | 2) (D)ﬁtHBP*V exp [ —Ami (D)ﬁTHBp gl
- eI+ Bp—~ o 1L+ B8p—7 .

With Np denotlng Zt 1 Mt, one has T' = TT in the case of the constant mini-batch size, and

T ~ (%)PN ) s for the increasing mini-batch size. Then, one has

O (exp (—)\min(D)c“’{:l N}—’*)) if ng = n,
HﬁT,OH = c ﬁhlL;m 1+Bp—r (013)
o O eXp _)\min(D)’yli%ﬁNT e if ny = {Cptpj .

Then, in both cases, this term converges exponentially fast to zero.

A first rate of convergence of Mr First, remark that
- 2 1 .
E[IEe I 17] <E[|lf1l 17 € 004 F B~ FE) + [VF @) (14

Then, applying Cénac et al. (2020, Theorem 6.1), one has, since A; converges almost surely
to A, that

|M7 ) = 0 (n(T)T%7) as. (C.15)

Observe that for the constant mini-batch size, we already have the good rate of convergence
for this term, but not for the increasing case. We will come back later to this term below
when we find the first rate of convergence of 0.

A first rate of convergence of M1 As ([0 = o (|0, — 0[|) a.s and || A, — Al|,, converge
almost surely to 0, there exists a sequence of random positive variables r; which converges to
0 almost surely, such that for all ¢t > ¢,

[ Roe1ll < (1 —y41) [Reell + e |60 — 07|
< (1= yer1) Rl + 291741 (||Rzan2 + || My + RLtH) :

Then, with the help of (C.13) and (C.15), there exists a positive random variable C7, such
that

ﬁ —
[Ro41)1® < (1= ye41) [[Raell + 2ves17e41 (HRMH + O In(t+1)(t+1)2 W) ,  (C.16)

so that
|Ror|? = O <ln(T)Tﬁf’_7) a.s.

This concludes the proof for the constant mini-batch size case. For the non constant case,
we need to return to the martingale term.
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A good rate of convergence for My and Ryr Let ko = inf {k, k (v — Bp) > p}. Then,
let us prove by induction that for any non negative integer k < ky,

167 —0*|> =0 (m(T)kT*’f(W*ﬁP)) a.s.

If ky = 0, this is satisfied. Let us suppose from now on that ky > 1 and prove this result by
induction: Suppose it is true for kK — 1. Then, thanks to inequality (C.14), one has

E 21?1 7] = 0 (n(@)*7=t=00=50) g,
and with the help of Cénac et al. (2020, Theorem 6.1), we have
|Mr|? = O <ln(T)kT_"’(7_5p)> a.s.,

and HR27T||2 =0 (ln(T)kT_k(V_'Bp)) a.s., which concludes the induction proof.
As a particular case, one has

167 — 0*|> = O (ln(T)kOT’kO(V’ﬁp)> as.,

so that by definition of ko, E[||Z¢41]|?|F] = O (t7°) a.s., and we obtain with the help of
Cénac et al. (2020, Theorem 6.1), that

|Mz|? = O (m(:r):r*p*wﬁp) as. and  |[Rer|®=0 (m(T)T*p*WP) a.s.

1
. e
Then, since T ~ (%—pNT) ” one has
P

—p=y+Bp
|67 — 6%[]* = O (m (Np) N 7 > a.s.

C.3 Proof of Theorems 3 and A.3

Observe that one has for all ¢ > 0,
9t+1 —0"=0,—6"— ’Yt+1AH (9t - 9*) — Mt+1 (At - A) H (9t - 9*) + ’Yt+1AtEt+1 - ’Yt+1At5t7
which can be written as

0, — 0" = H*UH% FH AT AE - H AT A — H VAT (A — A)H (6, — 07,
t+
(C.17)
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where u; = 6; — #*. Summing these equalities and dividing by s = ZtT:_Ol ner1 In(t + 1)%,
we have

T-1
1 _
Orp — 0 = H AT — Y mypy In(t + 10 020
ST =0 V41
T-1
+ H A1 — Z N¢41 ln t+ 1) At—‘t+1
t=0
T-1

— H_lA_ Z N1 ln t+ 1)wAt5t

T-1
1
- > npaln(t+ 1) H AT (A — A)H (6, — 6%).
L,

The rest of this proof consists in giving the rate of convergence of each term on the right-hand
side of previous decomposition.

Rate of convergence of H_IA_lé ZtT;Ol neyr In(t + 1)V A= y1 Remark that M =
Z?;OI N1 In(t + 1)Y AyZi41 is a martingale term and that

~
-

(Mp) = niIn(t+ 1) AR [E41 20| F] A

~+
o

S
—

(]

N1 ln(t + 1)2wAtE [ft/Jrl iJt+1 z|ft:|

t

N
-

n? 1 In(t + 1) A,V F (6;) Vo F (0:)" As.
t=0
Since

Int
e [VF @ =0 (525 ) aus.

then this converges to 0. Next, since 6; and A; converge to 8* and A, we have

1 a.s.
=1 — (Mp) -2 ATA.
Yot N1 In(t +1)% T—+oo

Then, with the help of a law of large numbers for martingales, we obtain that

ST ngy In(t+ 1) 1n (Zf;ol Mgt In(t + 1)2w)
5 a.s.,
ST

HMTH =0
which can be written as

Tr+1

L =0 (BEED) o
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This, can also be written as

1 In(N7p)
s o(152) .

In addition, Central Limit Theorem for martingales yields,

1
My —E— N (0, ATA) .
\/ZtT;o1 ner1 In(t + 1)2 T—+o0
Thus, as
\/7@?\/§:z;aln¢+1ln(t4_1)2w e
T T—+4oo
we have

\/NT —H” TA- 1MT—>N(0 H'sH™).

Rate of convergence of H_IA_lé S e In(t+ 1) == With the help of Abel’s
transformation, one have

1 = U — U
Z ny4+1 In(t + 1)wt7t+1
ST 5 Vet1
urnT ]n(T)w n Ugn1 ]l{w:(]} ! (nt—i-l ln t+ 1) L ln(t)“’>
= — U .
YT ST Y18T ! Ye+1 Ve

t=1
One has thanks to Theorems 2 and A.2, we have

upny In(T)*

YrsT

which can be written as

upny In(T)*

YrsT

AV In NT

= 2+p—v+Bp a.s.,

2(1+p)
NT

ugn1 ]l{wzo} .

which is negligible as soon as v — Bp < 1. In addition, it is obvious that 5y is

negligible too. Furthermore, observe that

npiln(t+ 1) ngIn(?)”
V41 Vi

< Cpmax {p(1 — B) + v, w} max {tp(l Atr=L (¢ 4 1)PL=A)+7— 1} In(t +1)",

which with the help of Theorems 2 and A.2 yields,

Til (nt+1 In(t+1)" m ln(t)w) (0, — 0%)

=0 Vi1 Vi

=0 <1n(T)w+1/2Tp(l_’f)+7) a.s.
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From this, we have

Til <nt+1 In(t+1)" m ln(t)w) (60, — 0%

=0 Vi1 "

1

ST

_0 < ln(T)T—2+'v—2p(1+5))

a.s.,

which can be written as

1

ST

Tz_:l (nt+1 In(t+1)*  nln(#)"

Ve+1 Yt

) -0

—2+y—p(1+B)
:(’)<\/ln(NT)NT ) ) a.s.,

(C.18)

t=0

which is negligible as soon as v — #p < 1.

Rate of convergence of H_lA_lé ZtT:_Ol ner1 In(t+1)" (Ay — A) H (0 — 0%)  Since [|A¢ — A, =

O (t77) a.s and with the help of Theorem 2, we have

T—
Z N1 In(t 4+ 1)Y (A — A) H (6, — 67)
t=0
(1 T)%+ v+ 2UZ0 (1_py
n
= o o1 2P a.s. 1f1/—|—u<1
© (ﬁ) a- 5 else
which can be written as
=
7Znt+1ln(t+1)w(At — A)H (6, — 6%)
ST
t=0
| (N )(%+1U+&2M_1> (1 B)+
_ ) O T s aos. ify 4 2SO o
- N, 2050
© (A}T) a. s else

Rate of convergence of H_lA_lé Z;‘F:_Ol ne1In(t + 1) A6, As ||6]| < Ls [|0; — 0%
and with the help of Theorem 2, we have
InT
=0 (Tp(l—ﬁ)+'y> a.s.,

T-1

1

||H1A15T Z Ne+1 ll'l(t + 1)wAt5t
t=0

which can be written as

Ll = " In Ny
H A ; Z Ni41 h’l(t + 1) Atét =0 T a. S.,
=0 Ny

Do . (28—1)+1
which is negligible as soon as v > pf.
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C.4 Proof of Theorems 4 and A.4

First, remark that one can rewrite decomposition (C.17) to

0,— 0" = H ' A7 =L gls, o H Y,

Vt+1
meaning that
= v — T—1
GT,w — 0" Z N¢41 ln t+ 1)wH 1A_1t7t+1 Z N1 ln(t + )wH 1'—‘t+1
-0 Ve+1
-1
1 w 1
—Znt_ﬂlnt—i—l H™ 6.
sT

t=0

Analogously to the proof of Theorem 3, one can easily check that
’ In N
=0 ( I}VTT> a.s.,

\/NT anln t+1)"H 'S —>N(0 H'SH™Y).
t=0
In the same way, we have

1 T-1

57/11 Z Tt41 h’l(t + 1)wH_IEt+1
t=0

and

T-1
1 In V-
— Z Nt41 ln(t + 1)wH_1(St =0 Tﬁj)lr’v a. S.
T =0 N,
In addition, note that
T-1 T-1 -1 -1
1 1A — AU
- ZntJrl ln(t+ 1)wH IA 1 Ut — U1 _ - ZntJrl 1H(t—|— 1)wH— t t t+1%t+1
sT =0 V41 ST =0 V41
1 - U
_ 1
— nepq In(t + 1)YH™ AL oAty L
e (At - ATy e

With the help of Abel’s transformation and since A; converges almost surely to the positive
matrix A (Assumption 4), following the lines of the proof for Theorem 3 (e.g., see (C.18)),
one can show that

T— —1 ~1
_ At Ut — At+1ut+1 In (N7)
Z it +1)vH! ot (18]
=0 Te+1 NT 2(1+p)
In addition, since ||f; — 8*||* = O (tvlfnzgzp) a.s., with E; denoting the event {[|0; — 0||> <
% 0.0 — 0> < m}, 1;gcy converges almost surely to 0, then, we have
T-1
iznt 1lnt+ 'LUH 1HA 71” ||ut+1||ﬂ c :O L a.s
ST =0 + t+1 %t llop Vi1 (B} Nt Y
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and
T—1
Y e+ 0 E A - 4, ety
s t+1 t+1 Py {Es1}
1« wt1/2468 771 ~1 —1 y=p(B+1)
< — o N1 In(t +1) H||AZL - H (t+1) 2 .

t

Il
o

At last, one can conclude the proof with the help of equality (A.3).

C.5 Proof of Theorem B.5

Observe that the convergence of f7 is obtained with the same calculus as in the proof of
Theorem 1. We now give the proof here for a non-decreasing streaming batch size. Remark
that decomposition (C.11) can now be written as

* Nt41 « T+l (-1 -1 %\, 41 Ng41
Op01—0" = (1— 6, — 0 —7(1{ —H )He—e H 2, - H<5
41 < Nt+1> (0 ) N, e (0 )+ N, e Sy T He o

Then, with the help of induction, one has

T-1 T-1

* >k 1 * 1 71
O — 0% = (90—9 —7an(flt —H- )H(et—a)—NTanHt 5
t=0
Z:AT
1 T-1 )
+ N7T tz:; nt+1Ht Et+1 .
::MT

Convergence of the martingale term Mp Observe that Mr is a martingale term and
that

T-1 .
ni H, ]E (S Bl F) H

=0

T .
=Y m H, 0f (§t+1,1,0:) Vo f (§e41,1,0: t| Hy
> i, B[ Vof (€110 Vof (10,00 17 7
=0

N .

— ny H, VF(6,)VF (6,)" H, .

=0

Then, since §; and H, ! converge almost surely to #* and H~! and by continuity (Assump-
tion 1), one obtain that

1 a.s. 1 -1
Ny Ml oy R

Thus, with the help of a law of large numbers for martingales, we have
2
In V- T
T =0 < NT > a. S.,
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and with the help of Central Limit Theorem for martingales,

1 L _ -
Mr = N (0,H'SH™1).
M N )
Since Ft_l converges to H~! and ||6;]| = o (||0; — 6*]|)

Convergence of the rest terms
a.s., there is a sequence of positive random variables (r}) converging to 0, such that

nr+1 nr41 *
Jaraal < (1= 52 ) Narl + oot o - )

nr+1 nr4+1 4
<|1- Ar| + T
( NT+1> |Ar Nryp ©

1
—0* —M A
(6o — 6 )+NT T+ AT

Nr

Then, there is a positive random variable Cs, such that

nT+1 nr+1 vinT
ATl < (1— - )H I+ L m (!ATIHCM T””)’

which can also be written for any ¢ € (0,1) as

In(T +1

nr41 HA ” i nr41 Cut n( + ) + T//7

N e T
T+1 nT41 (T+1)z

|Ara] < (1 -

with 7/, = Z;J’l T <HATH + Oy YD > 1,/ ~c. Then, with the help of an induction, one

has

71 =

~ ~ T 1 1

IAT]| < BrollAoll + Y Brie ]V:_ICM - j E Bri+ry s
=0 =0

With BT,: = H;‘F 1 <1 — c%) and Brr = 1. In addition, since for any ¢, one has N; <

((t+1)"*7 — 1), one has for any t < T,

1+p
T T i
) J
Pri <exp | —c Z ~ | <exp | —c(l+p) Z Gt
j=t+1 "7 j=t+1
B (1+)<f+1Y’§: 1 <(t+1>c
exp | —c — — — ]
=P P\t+z) & j+1) = \T+1

p
1) > ¢(14 p)27°. Taking 1 > ¢ > 2°~1 and denoting ¢, = 277 > 1/2,

with ¢; = ¢(1+ p) (%
one has
- t+1 cp(14p)
Bri < |77 :
T+1
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Then, as a particular case, BT,O < m and this term is so negligible. In addition,

since

~
_

T-1

5 5 5—1
5T,t+17’£/ = B0 Z 5t+1,07"1/5/a
t=0

t

I
=)

and since 1,/ converges almost surely to 0, one has
{rf>c} g y
T-1

3 "__ > . 1
ﬁT,t+1'rt - O (/BT,O) = O <W a.s.,

and this term is so negligible as ¢, > 1/2. Finally,

T T c
215 e «/ t+1) Zl <t+1> »(140) e, VIEED (\/lnT> v
t=

> M
Nt+1 (t N 1 1+p T + 1 Nt+1 (t + 1) 1+p TlJQrP

t=0

leading to [|Ar|| = O < %I}Ip> a.s., and

N InT . In Np
|67 — 6 ||2:o<T1+p> a.s., and  ||0p—6 ||2:o< N > a.s.

Asymptotic efficiency In order to get the asymptotic normality, we now have to give a
better rate of convergence of || Ar||. First, since H; ' converges to H=, ||6:]| < Ls ||6; — 6%,
and with the help of the rate of convergence of 0, one has

T-1 T—1
_ L _ InT)?
_— E nt‘f'lHt_lét < Nijw E N¢g1 HHt 1Hop Het — 9*”2 =0 <(;1+/)) ) a.s.,
t=0 t=0

which is a negligible term. In addition, since |H; ' — H™ |, = O (t77) a.s., one has

T-1 T-1
S et (7 = B H 0= 00| < 5 [Hlgy Y mnsa [ = 27|, 00— 07
t=0 t=0

Trt+min{l,(1-p)/2+v}

In(T)Y/ 2+ {0+p)/24+v=1}
=0 ( n(T) ’ a.s.

Hence, as v > 0, this term is negligible, which thereby concludes the proof.

C.6 Proof of Theorems B.6 and B.7

Let us first check that the assumptions on the learning rate (step-sequence) are satisfied:
First, since for allt > 1 and i = 1,...,ny,
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we can observe that?3

d(l—1) o
In(t +1 ZZ/L/6/€/4—>I
1LZ t/ bt 1€t 1E¢ d»

pln(t + 1)¥'N; bt =

such that )
1+ Zi’:l hl(t/ + 1)w Z?:tl Zt/,i a.s.
In(t 4+ 1)¥' N too 17

Next, by definition of ¢, we have

_ 2
)\max (H;q}],) = O (tb(l—"—p)) a. s., and Z ’Yt )\max ( t 1 ’UJ/) < 400 a.s.
t>1

In addition, with Ny 7 =1+ S In(t + 1)*' S, Z;;, one has

T nt
NZT Z (t+1)v Z Zy 00,17, :NZT Zln (t+1)"E oy, @, 00 F | Y
t=1 =1 =1

lr—!
)w :Z,ta

where Ez 1= 3" Zy o i Py i P m =yt ZyE [at,i<bt,i(1)2:i|‘7:{_1} is a sequence of martingale
differences for the filtration F|_; = o ({171, o Zigy - th). Thus,

/

n’ # " ’ / it K
—1
|-7:£—1] <277Cy ZZt,i ;
i=1

and with the help of a law of large numbers for martingales, one has

ne
E (|22l 1Fi_y] < 27 (Z ZyiE [Hat,ifbt,i@;
=1

=0 (NZ,T> a. S.
F

/1—1
)w =70t

In addition

1 T
e e

T 1/
{at,iq)t,i‘bt,ﬂfzq} < Cn//” :
op

Then, Amax (.F_Iuw/) = O(1) a.s., such that

_ 2
)\max (H;ul/) Ye+1

Z')’t)\mm ( — 1w> = +0o0 a.s., and —
t>1 )\min (H_ /)

t,w

—o (#0101 as,

3. E.g., see Godichon-Baggioni et al. (2024); Bercu et al. (2023) for more details.
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and the conditions in (A.1) are satisfied as soon as i < ﬁ. Then, according to Theorem B.5,

01 converges almost surely to 6*. Supposing that E [am@t,iéz Z-]}"t’_l} converges almost surely

to H, one has

T nt

1 / T *

NZT ; ln(t + 1)w Zl Zt,i]E [at,iq)tﬂ'@t,i’./_'-t/_l] ﬁ) ng(e ),
’ = 1=

meaning that HT@/ and f_IYT i}, converge almost surely to H and H~!. Then, thanks to
Theorem B.5, one has that

In N-
WT—WW:o(J%f)&S

Since HE [am@t’i@;]}}’fl] - HH = O(t") a.s., taking v < 1;

l

In addition, since ’ > 2 and

T nt

1 /

g In(t+1)* g Zy i [at,iq)t,iq);ri|ft,—1:| —-H
NZ,T t=1 i=1

o IH(NT)
=0 (T“) a.s.

nt 2
—_ 2 2 2
E |IZ240131 51| <0 Z4E [[la (Xui, 0r-1) @a0F [ 1FL | < ey
i=1
one has, with the help of a law of large numbers for martingales, that for all § > 0,

i zzoCmM*”)&&

N
r T
H 1 T Nt
Z ln(t + 1)“]/ Z Zt,ibt,iet,ie?i
Nzr = i=1

T

> In(t 4+ 1)"'Ez,

t=1

Nzt

In addition

Then, there is v > 0 such that

_ 1
WMW—HW:O<p>a&

Then, with the help of Theorem B.5, one has

VN (6r =) —— N (0, H'SH ).

—+00
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C.7 Proof of Theorems 5 and B.8

As in the proof of Theorems B.6 and B.7, one can easily check that the conditions in (A.1)
are satisfied, such that Theorem A.1 hold, i.e., 7 and 07, converges almost surely to 6*.
In a same way, as in the proof of Theorem B.6, one can easily get the consistency of ST,w’,
leading with the help of Theorem A.2 to

In(N7) In N
2 T T
HQT — Q*H T ip(1-8) a. S., and H0T7w — 9*H T ie(1—B) a. S.
1+ 1+
Np ™" Np ™*

In order to conclude the proof, we will now check that equality (8) is satisfied, i.e., that

T-1
1 Y=p(B+1) 1
il Z N1 In(t + 1)w+1/2+6 (rt+1 + Tt+1) t— 2 =0 (T(Hp)v’> a.s.,
t=0
with
()Y R In(t +1)¥ =
/
—_— Zty1itt1,; and rppp = ————— Zit1 ||oa+1,iPetrl] -
"1 7 Nz ; ‘ ! Nzt ; il ' il
First, since Y 0" 11, = O (t_L(HPHP) and since ¢ < (Hﬁ) one has

T-1
1 7= p(B+1) In(T + 1)3/2+9
—> In(t + 1)wt/240 2 =0
ST 350 ey e Tul+p) 414502 -

and since v — fp < 1, it comes that (14 p)+1+ M > 1+p Considering the sequence of
Zm“ Zir1iBlovs [ Perral® 1F7_4),

martingale differences 27441 = > .44

one has
T-1 w+w +1/2+5 Lﬁﬁ'l) Nnt4+1
1246, A=EEED nt+1lnt+1)

Z N1 ln(t + 1)w+ 2+ T+ 1t C Z Z Zt+1 4
=0 Nzt+1

T—1 y—p(B+1)

ngyq In(t 4+ 1)wte'+1/240 =
+ Z 7,41

pre Nzi+1

Furthermore,

5 = P(5+1) N1

Nis1 ln t 4+ 1)w+w '+1/246 4 5" IH(T + 1)3/2+6
fz > 1= 0

Nzi11 Tmin{1+%,1+p}

,3+1)

and since v — Bp < 1, one has that 1 + 2 pBH=y #. In addition, since

l

nt41
/ /
E[I2z0ml7] < (Z Zt+1,z> cr,
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and with the help of a law of large numbers for martingales,

T-1 (t+ 1)w+w’+1/2+5t7V*"<25+1)

Z Ne+1 In

t=0

- (B+1)
- ney1 In(t 4 1)wHw'+1/2+0; 1=p(BED) niy
o\ ZZH—M a.s.,

N
P Z,t+1

Ezt41
Nz

such that

1 5 ol p(ﬂ+1)

szl Nis1 ln(t + 1)w+w "+1/2+
Z;F:_Ol Ne+1 h’l(t + 1)11)

Nzt41

Ezt41

t=0

( In(T + 1)%/2+9 )
= 0 a.S.,

Tmin{1+%,1+p}

which concludes the proof.

C.8 Proof of Theorems B.9 and B.10

First, since the conditions in (5) (or in (A.1)) are satisfied, one has that 6; and 6;,, converge
almost surely to 8*. Let us now prove that it implies the convergence of Gy.

Convergence of G; For all coordinate j, let us now consider

G NTzz( 9t1w7§“)>2.

t=1 i=1

9 2
V= [(8]1‘(9* )
one has

G — Znt (

Then, denoting
0 X

2
( f(O—1w3 &, 1)) | Fi—1

t—l

where 2 = >, (a%f (Ht_17w;Xt7i)> — niE {( - f (0i—1 w,f)) ] is a martingale difference.
Then, thanks to (A.2) coupled with Duflo (2013, Proposition 1.I11.19), we have

t=1
In addition, since the functional § — E [Vg f(6;&) Vg f(6;€) "] is continuous at 6*, one has

for all j
T 2
1 d
FZ ( ( f (0 1wa£t1)) | Fi-1
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such that, for all j,

P as Q.
T NTZZ( Qt 1w7§t1)> m}V[ajf(g ,f):| > 0.

t=1 i=1

Then, Gy converges almost surely to the diagonal matrix GG, whose diagonal elements are
. —-1/2
given by GU) =V [%f(@*; 5)] .
Rate of convergence of 7 With the help of Theorem A.2, one has that
In(T) In(T)
*(12 e Sl A _p*||12 — s S A
|0 — 07| = O (T’Yer(lﬁ)) a. s., and 07w — 0" =0 (T'er(lﬁ) a. s.,

which can also be written as

In(N7) In(N7)
*12 T * T
||9T —0 H T ap(1-B) a. S., and HOT’w —0 || T ie(1—B) a. S.
1+ 1+
Ny ™" Ny ™*

Rate of convergence of 01, Let us consider the event:

9 -1/2
Et: Hj,ng)?é< ! < ])+ZZ( ftz t— 1,w)> )) ’

t=1 i=1

where fi; (0i—1.w) = f (0i—1,w; ). Observe that since Gy converges to G, 1, converges
almost surely to 0, such that
T—1

1 (B+1> 1
2 F1/246 [ —1 _ 1 1=p(B+1)
P tz; Ni41 ln(t+1)w HGH—l Gt H {Et UEt+1}(t+1) = O <T(1+p) ln(T)w> a. S.
In addition, on {E{ (ES,}, one has
1 -1 —1\—1 -2
(Gt = G Lpenpe,y = (GEh +G7Y) (G4 - GY) Lpeneg,
1 1 Ni+1 a 2
1 1\~ . 2
= (Gt + Gt-i—l) Nitt diag (2; <8jft+1’i (et,w)> ) —ne11Gy ﬂ{ECﬂEtJrl}?
i= j=1,...,d

. 2

where diag (En;f (8% fr+1,i (GM,)) ) is the diagonal matrix whose elements are
j:17"'7d

2
S ( 8% friti (Ht,w)) . Observe that since Gy converges almost surely to a positive matrix,

there are positive constants c,q,, Cade sSuch that Lyg, ) converges almost surely to 1, where
Et 1:= {Cada < Amin (Gt) < Amax (Gt) < Cada}' Then,

(G2 =Gt 1H0pﬂ{EcﬂEt+1}
< ”GtJrl + Gy Hop diag (Z (ajft—i-l,i (‘%,w)) ) —ni1Gy 1ige L UES )
i—1

op

Ni41

2
+ 2CadaNt+1 Z 2:: ( - fte1 9tw)> +ng1c,

]:
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In addition, since 1 (EC,) converges almost surely to 0, one can easily check that
1 —(B+1)
=3 e In(e 4 1) (1)

ngi1 9 2
diag (Z (8jft+1,z' (et,w)> ) —n1 Gy

=1

< |G+ G|

1
op N { UEt+1 1}

1
=0 <W> a. S.

In addition,

op

T-1
1 EICI: o In(T)%+1/2~w
L +1/2+6 2 M4+1
- ;:0 Ngpq In(t 4+ 1)% (t+1) 2CadaC oy, Neot =0 (TQ‘”;“”” a.s.,

which is negligible as soon as v — #p < 1. In addition, remark that

d Mt+1 2 d N1 9 2 a1
i (e i Orw) ) | Fi| + et
T 2 (gpfenstom) = iy B |3 (s @) |7 +

ith &1 = 3¢ e (0 g0, 0) —E (S (2 f s (0) Since 6
wit €t+1 —Z] 1 221 8jft+1,1( t,w) Zizl ajft+1,z( t,’w) Fi - OICE U qp

converges almost surely to 6* and with the help of inequality (6), one has

1 =1 / 5 y—=(B+1)p 1 d sy (9 2
= g In(t+ D)V )y E ( i9w> F
7 ; ¢+1 In( ) ( ) Noy ]gl ; a; fra1i (Orw) | |

ln(T)6+1/2—w
=0 ( PREECERCERT) a.8.,

while with the help of a law of large numbers for martingales (e.g., see Duflo (2013)), one has

T-1
1 1=(B+Dp Nyy1 > In(T)%+1/2~w
— In(t + 1)wH/2+8(4 4 1) 3 —ol =222 ) as.
st z:; N1 Il( + ) ( + ) Nt+1§t+1 o T2_7+(2[3+1)p a.s.,

which concludes the proof.

C.9 Proof of Corollary 1

Since X and € admit moments of order 4 and 2, and since E[X X 7] is positive, Assumptions
1, 2, 3 and 5 hold (see Boyer and Godichon-Baggioni (2023) amoung others). Furthermore,
one has, considering the filtration 7, = (X1.1, X¢ 0, Y11, Yen, s Zey - -+ Zin)s

E [[lows Xes X511 | <E X1
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Then, thanks to Theorem 5, 6; and 6;,, converge almost surely to §*. In addition, one has

ZX:J

St,w -

7

with Ny 7 == 1+ 3¢ In(i + 1)’ > j=1Zt;:- One has, since p > 0,
Nt,Z b > $-00,
t—-+o0

so that one can use a law of large number to check that S;,, converges almost surely to
E[X XT], which concludes the proof.

C.10 Proof of Corollary 2

Since X admits a moment of order 4 and since in this case, for all § € R¢,
VEF(0) =E [r (X70) (1 —n (X70)) XXT]

and V2F0*) is supposed to be positive, Assumptions 1, 2, 3 and 5 hold (see Boyer and
Godichon-Baggioni (2023) amoung others). Furthermore, one has,

1
E [[lang Xe g X5 1] < 2B [1X)1Y.

Then, thanks to Theorem 5, 6; and 6;,, converge almost surely to §*. In addition, one has

gt,w = ]V:Z Z n(z + 1 ZQ'L:JX XT NtZ Zln 1+ 1 ZLZ,] ,]e’t,jezja

where o; j = 7 (nget_1> (1 -7 (XEQ)) Since forallt > 1 and ¢ =1,...,n,

NZ,t,z a.s.
Nt t——+o00 ’
we can observe that*
41 - 21 1) /iz Loy el s =22 T
pln(t—l—l le Lt, ‘ n(t v t’,zbt',zet',zetﬁi S too d»

i.e that

g In(i 4+ 1)% E Li il i€ — 0 a.s.
NtZ - 1,0 <] 7’»] Z] t—4o0
Jj=

4. See, e.g. Godichon-Baggioni et al. (2024); Bercu et al. (2023) for more details.
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In addition,

t T n
1 1 ,
—— ) In(t+1)" Z Z; j0i j®i @) =——— "In(i + 1) V3F (6:-1) Y Zi;
Niz Ntz =
NtZ21nz+1 ‘&z,

where §; 7 1= 370 Z; joi j X XT > i1 Z; ;V2F (0;_1) is a sequence of martingale differ-
ences for the ﬁltratlon Fl =0 (X1,17 cosXicim, Zids -, Zip). Thus, since

2

” 2 3
E [lge I3 17| <2 §j@ﬁ{WmeXLHuLJ < 272K [|IX)],
j=1
and with the help of a law of large numbers for martingales, it comes that

=0(Nyz) a.s.

¢
> In(i+1)"é 2
i= F

In addition, by continuity of the Hessian and since IV; 7 tends to infinity almost surely,
one has

T
N)ﬂ;ln(ﬁ-l) ViF (0; 4 ZZ,J—WF(H)

which concludes the proof.

C.11 Proof of Corollary 3
Before giving the proof, let us recall assumptions from Godichon-Baggioni and Lu (2024):

e Assumption 1’. The random variable X is absolutely continuous and is not concen-
trated around single points. There exists Cg > 0 such that for all § € R?,

1
ELW—WJ‘%

e Assumption 2’. The random variable X is not concentrated on a straight line. For
all # € R?, there exists #’ € RY such that (6,6') # 0 and

V[(X,0)] >0

The proof construction can be made by adapting the calculus in Godichon-Baggioni
and Lu (2024) to our context. If Assumptions 1’ and 2’ are fulfilled, then Assumptions
1 to 3 and 5 hold. In addition, thanks to Assumption 1 in Godichon-Baggioni and Lu
(2024), and denoting by F} = o (X11,..- Xen, Uty Utins Zips - - Zem) and Fy =
o(X11,- - Xen, Uty oo Uy, Ziny ..., Ziy), we have
1

mﬁé 1} | Fi— 1} <C'1/6 [”UHQ],

E [[lo @097, Wﬂl]<EU“”'Eth—
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so that 0;_1 converges almost surely to 6*.
Let us now prove the convergence of the estimate of the Hessian. First, remark that for

all € R,
1 I_(X—G)(X—@)T
X —of \ ™ Ix — 6|

Forall j=1,...,nand t € [0,1], let us denote Xy j, = Xy ; — (0i—1 + tvU; ;) and

1 Xt, uX u
(Id —~ J”) = V2 (Xt jur Or1)

Wiy = ———
TN Xl 1 jull®

V2F(#) =E =E [V*f(X,0)].

and let us remark that

1
(I)tJ' = Vf (Xt,j,la Qt_l) - Vf (Xt’j,(]) = / wt,j,uduthtJ.
0

Then,

T ”Xt,j — ‘9t—1” ! 2 T !
atJCI)t,]CI) v2/0 Wi juduvy Ut’jUt’j/o Wi judu
' 1 1
= ||Xt7j — 91‘,71” . th’u — wt’j’oduUt’jUg}/o wt7j7udu

1
+ (1 Xej = Ol wej,0Us ;UL / Wi ju — W j,0du
0

+ 1 Xej = -1l we joUs ;U jwe jo-
Remark that since U ; is independent from X; ; and 6;_1, and considering the filtration F;_1 =

: 2 _ 1
g ()(]_7]‘7 PN 7Xt_]_7n, ceey (]]_717 ceey Ut_]_7n, Z]_,]_, ey Ztm,), and since wt,j,[) = mwtdp,

it comes that
E [[Xt,; — Or—1l| we joUs ;UL 5wt j ol Feo1] = B [wejo| Fe—1] = V2F (61-1) -

Since Z; ; is F;—1-measurable, one has

N E log(i +1)" E :Zm 1 X, — 0i— 1sz,JoU,JU Wi,5,0
7 =
n

Ntzzlog (i + 1) ZZ”VF i—1) Zlog z+1w’ZZi,jEz‘,j,
j=1

7j=1

where Z; ; 1= [| X ; — 01| wHOUy]U Wi 5.0 — V2F (0;_1). Denoting, for all § > w', M; =

2
W ZZZI ].Og(Z + 1)11) ijl ZZ,jE’L,] , one have
2
Ny zlog(Ny z)1+° 1
My 1| F M; + E |||log(i + 1)* Z; iZ41
E [Mesil ] = Nit1,710g(Ny z)1+° Nit1,710g(Nyy1,7)1° & Z wi=eeg)|
< M+ ! log(t 4 1) iE [H:tJrl & |]:t}
- Nij1,z log(Npy1,2)1H0 ’]

J=1
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Then, thanks to Assumption 1 in Godichon-Baggioni and Lu (2024) (see the Proof of
Theorems 1 and 2 for more details), one has

E[IZ014l?17] < c3E [U)].

Then, remarking that log(t + 1)w,t/Nt7Z = O(1) a.s. and applying Robbins Siegmund
Theorem, M; converges almost surely to a random finite variable, i.e.,

2

t n
1 , ) In(1 + NtZ)Hé)
log(i + 1)¥ Zi i85 :(’)< : a.s.,
Nz 2B I D B P

which means that this term converges to zero. In addition, since 6;_1 converges almost surely
to 0* and by continuity of the Hessian of F', one can easily prove that

Zlogz—i—l ZZ”V F (i) 0 VAF (07).

NtZ
7j=1

At last, observe that thanks to Godichon-Baggioni and Lu (2024, Lemma 1), for any
q < 3, we have

3
E [[|wju — wi o]l | Fio] < 69C2 30 U, ;7

and this term converges fastly to zero. Then, following the proof in Godichon-Baggioni and
Lu (2024), one can easily prove that

1
a.s.
)w 1 Xi,; — 0i— 1|/ Wi, j,u wZ,JOdUUJU /0 wi,j,udumo

1
a.s.
Nt Zlog (i + 1)“’ | X5, — 01| thOUtJUtj/O Wi ju — Wt j,0du m 0,

which concludes the proof.
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