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Abstract

In this paper, we establish the non-asymptotic validity of the multiplier bootstrap
procedure for constructing the confidence sets using the Stochastic Gradient De-
scent (SGD) algorithm. Under appropriate regularity conditions, our approach
avoids the need to approximate the limiting covariance of Polyak-Ruppert SGD
iterates, which allows us to derive approximation rates in convex distance of order
up to 1/+/n. Notably, this rate can be faster than the one that can be proven in
the Polyak-Juditsky central limit theorem. To our knowledge, this provides the
first fully non-asymptotic bound on the accuracy of bootstrap approximations in
SGD algorithms. Our analysis builds on the Gaussian approximation results for
nonlinear statistics of independent random variables.

1 Introduction

Stochastic Gradient Descent (SGD) is a widely used first-order optimization method that is well
suited for large data sets and online learning. The algorithm has attracted significant attention; see
[34, 31, 27, 26, 8]. SGD aims to solve the optimization problem:

f(0) = min, - V() = Ecwp [F(0,)] (1

where ¢ is a random variable defined on a measurable space (Z, Z). Instead of the exact gradient
V £(6), the algorithm accesses only unbiased stochastic estimates F'(6, £).

Throughout this work, we focus on the case of strongly convex objective functions and denote by 6*
the unique minimizer of (1). The iterates 6y, k € N, generated by SGD follow the recursive update:

Or1 = Ok — a1 F (O, &es1) , 0o €R?, )

where {ay }ren is a sequence of step sizes (or learning rates), which may be either diminishing
or constant, and {& }ren is an i.i.d. sequence sampled from P¢. Theoretical properties of SGD,
particularly in the convex and strongly convex settings, have been extensively studied; see, e.g.,
[28, 26, 8, 23]. Many optimization algorithms build upon the recurrence (2) to accelerate the
convergence of the sequence 6 to 8*. Notable examples include momentum acceleration [32],
variance reduction techniques [12, 39], and averaging methods. In this work, we focus on Polyak-
Ruppert averaging, originally proposed in [36] and [31], which improves convergence by averaging
the SGD iterates (2). Specifically, the estimator is defined as

n—1

- 1

bo=—> 0, N. 3
ni:O "e ©

It has been established (see [31, Theorem 3]) that under appropriate conditions on the objective
function f, the noisy gradient estimates F', and the step sizes «y, the sequence of averaged iterates
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{0, } nen is asymptotically normal:
V0, —6*) 5 N(0,5.) )

d e . T
where — denotes convergence in distribution, and V' (0, X ) is a zero-mean Gaussian distribution
with covariance matrix X, defined later in Section 2.2. This result raises two key questions:

(i) what is the rate of convergence in (4)?
(i) how can (4) be leveraged to construct confidence sets for 8*, given that >, is unknown in
practice?

In our paper we aim to answer both questions. To quantify convergence rates in (4), we employ
convex distance, which is defined for random vectors X,Y € R? as

dc(X,Y) = suppec(ray [P(X € B) —P(Y € B)| ,
where C(R?) denotes the collection of convex subsets of R?. The authors of [42] derive Berry-

Esseen-type bounds for dc(\/ﬁZ;lm(én — 6%),N(0,14)), where %,, is the covariance matrix of
the linearized counterpart of (2), see precise definitions (13) . We complement this result with the
rates of convergence in (4). Interestingly, we also provide the lower bounds on the convex distance
de(v/n(6, — 6*),N(0,X)), which indicates, that for some choice of step sizes «y, in (2), the
normal approximation by A/ (0, X.) is less accurate, compared to normal approximation with other
covariance matrix, in particular, with X,,. This effect has been previously observed in the bootstrap
method for i.i.d. observations without the context of gradients methods, see [41, Theorem 3.11].

One of the popular approaches for solving (ii) is based on the plug-in methods [11, 9], which aim to
construct an estimator 3,, of Yo directly. These methods often provide a non-asymptotic bounds on
the closeness 33, is to X, often in terms of E[Hf]n — Yol|]. At the same time, the analysis of this
methods typically bypass the item (i) and the issues related with the rate of convergence in (4). In our
paper we suggest, to the best of our knowledge, the first fully non-asymptotic analysis of procedure
for constructing the confidence intervals, based on the bootstrap approach [15, 16], which avoids the
direct approximation of ., moreover, theoretical analysis of the underlying procedure together with
the results on normal approximation with A(0, X, ) from (i) shows that the same approximation rate
can not be achieved by the plug-in methods, at least for some range of step sizes ay, in (2). Our key
contributions are as follows:

* We establish the non-asymptotic validity of the multiplier bootstrap procedure introduced in
[16]. Under appropriate regularity conditions, our bounds imply that the quantiles of the
exact distribution of \/n(6,, —6*) can be approximated, up to logarithmic factors, at a rate of
n~7/2 for step sizes of the form oy, = co/(k + ko)?,7 € (1/2,1). To our knowledge, this
provides the first fully non-asymptotic bound on the accuracy of bootstrap approximations
in SGD algorithms. Notably, this rate can be faster than the one that we can prove in (4).
Our rates improve upon recent works [38, 46], which addressed the convergence rate in
similar procedures for the LSA algorithm.

* Our analysis of the multiplier bootstrap procedure reveals an interesting property: unlike
plug-in estimators, the validity of the bootstrap method does not directly depend on approxi-
mating \/n (6, — 0*) by N (0, X). Instead, it requires approximating A/ (0, X,,) for some
matrix Y,,. The structure of ¥, and its associated convergence rates play a central role in
our present analysis, both for convergence rate in (4) and non-asymptotic bootstrap validity.
Precise definitions are provided in Section 2.2.

* We analyze the Polyak-Ruppert averaged SGD iterates (3) for strongly convex minimization
problems and establish Gaussian approximation rates in (4) in terms of the convex distance.
Specifically, we show that the approximation rate dc (v/n(6, — 6*), N (0, X)) is of order
n~1/4 when using the step size o, = co/(k + ko)>/* with a suitably chosen ag. Our
result is based on the techniques of [42] and [46]. We also provide the lower bound,
which indicate that our rate of normal approximation with N'(0, 3. ) is tight in the regime
ap = co/(k + ko)Y withy > 3/4.

Notations. Throughout this paper, we use the following notations. For a matrix A € R%*? and a
vector z € R?, we denote by || A|| and ||z|| their spectral norm and Euclidean norm, respectively. We
also write || Al for the Frobenius norm of matrix A. Given a function f : R? — R, we write V f(6)

and V2 f(0) for its gradient and Hessian at a point 6. Additionally, we use the standard abbreviations
"1.i.d." for "independent and identically distributed" and "w.r.t." for "with respect to".
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Literature review. Asymptotic properties of the SGD algorithm, including the asymptotic normality
of the estimator 6,, and its almost sure convergence, have been extensively studied for smooth and
strongly convex minimization problems [31, 22, 7]. Optimal mean-squared error (MSE) bounds for
6,, — 0* and 0,, — 6* were established in [27] for smooth and strongly convex objectives, and later
refined in [26]. The case of constant-step size SGD for strongly convex problems has been analyzed
in depth in [14]. High-probability bounds for SGD iterates were obtained in [33] and later extended
in [20]. Both works address non-smooth and strongly convex minimization problems.

It is important to note that the results discussed above do not directly imply convergence rates for
Vn(0, — 6%) to N(0,X) in terms of dc(-, ) or the Kantorovich—-Wasserstein distance. Among
the relevant contributions in this direction, we highlight recent works [44, 38, 46], which provide
quantitative bounds on the convergence rate in (4) for iterates of the temporal difference learning
algorithm and general linear stochastic approximation (LSA) schemes. However, these algorithms do
not necessarily correspond to SGD with a quadratic objective f, as the system matrix in LSA is not
necessarily symmetric. Non-asymptotic convergence rates of order 1/4/n in a smooth Wasserstein
distance were established in [2]. Recent paper [1] provide Berry-Essen bounds for last iterate of SGD
for high-dimensional linear regression of order up to n—1/4.

Bootstrap methods for i.i.d. observations were first introduced in [15]. In the context of SGD
methods, [16] proposed the multiplier bootstrap approach for constructing confidence intervals for 6*
and established its asymptotic validity. The same algorithm, with non-asymptotic guarantees, was
analyzed in [38] for the LSA algorithm, obtaining rate n~1/* when approximating quantiles of the
exact distribution of \/n(6,, — 6*).

Popular group of methods for constructing confidence sets for 8* is based on estimating the asymptotic
covariance matrix X,. Plug-in and batch-mean estimators for ¥, attracted lot of attention, see
[11,9, 10], especially in the setting when the stochastic estimates of Hessian are available. The latter
two papers focused on learning with contextual bandits. Estimates for 2., based on batch-mean
method and its online modification were considered in [11] and [49]. The authors in [25] considered
the asymptotic validity of the plug-in estimator for ¥, in the local SGD setting. [47] refined the
validity guarantees for both the multiplier bootstrap and batch-mean estimates of >, for nonconvex
problems. However, these papers typically provide recovery rates X, but only show asymptotic
validity of the proposed confidence intervals. A notable exception is the recent paper [46], where
the temporal difference (TD) learning algorithm was studied. The authors of [46] provided purely
non-asymptotic analysis of their procedure, obtaining the approximation rate n~1/3 for quantiles of

Vn(0, — 6%).

2 Main results

This section establishes the nonasymptotic validity of the multiplier bootstrap method proposed in
[16]. We focus on smooth and strongly convex minimization problems, following the framework
established in [26], [2] and [42]. The underlying procedure is based on perturbing the trajectory
(2). We restate the procedure for the sake of clarity. Let wn—l = {w¢}1<e<n—1 be i.i.d. random
variables with distribution IP,,,, each with mean E[w;] = 1 and variance Var[w;] = 1. Assume WW"~!
is independent of "1 = {&}1<e<n—1. We then use W1 to construct randomly perturbed SGD
trajectories, following the same recursive structure as the primary sequence

O = 05—y — arwi{V F(R_1) + g(07_1, &) + (&)}, k=1, 65="06p,
n—1
é,t,;:n*lz&z, n>1.
k=0
Note that, when generating different weights wy,, we can draw samples from the conditional distribu-

tion of 2 given the data Z"~!. We further denote P® = P(- | Z"~!) and EP = E(- | =~ 1).

The core principle behind the bootstrap procedure (5) is that the "bootstrap world" probabilities
P°(\/n(02 — 0,,) € B) are close to P(y/n(f, — %) € B) for B € C(R?). More formally, we say
that the procedure (5) is asymptotically valid if

PP (\/n(82 — 6,) € B) — P(\/n(6, — 0*) € B)’ 6)

&)

sup
BeC(R%)

converges to 0 in P-probability as n — oo. This result was studied in [16] under assumptions close to
the original paper [31]. While an analytical expression for P?(\/n (62 — 6,,) € B) is unavailable, it
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can be approximated via Monte Carlo simulations by generating M perturbed trajectories according
to (5). Standard arguments (see, e.g., [40, Section 5.1]) suggest that the accuracy of this Monte Carlo
approximation scales as O(M -1/ 2) when generating M parallel perturbed trajectories in (5).

Assumptions. We impose the following regularity conditions on the objective function f:

A1l. The function f is two times continuously differentiable and L, -smooth on R? je., thereis a
constant Ly > 0, such that for any 0,0 R4,

IV£(0) = V@) < Lafl6 = 6] -

Moreover, we assume that f is p-strongly convex on RY, that is, there exists a constant w >0, such
that for any 6,0’ € R?, it holds that

(1/2)]|0 = 0'* < £(0) = f(0) = (VF(0'),0 - 0") .

Al implies the following two-sided bound on the Hessian V2 £(#), uly < V2f() < L1, for all
6 € R?. We now formalize the assumptions on F'(6, ). Namely, we rewrite F'(, £) as

F(Or-1,8) = Vf(Or-1) + C,
where {(x }ren is a sequence of d-dimensional random vectors. Then the SGD recursion takes form
Op = Op—1 — i (Vf(0k1) +Ck), 6o €R?. 7

We impose the following assumption on the noise sequence (j:
A2. Foreach k > 1, (i admits the decomposition (i, = n(&) + g(0k—1, &k ), where

(i) {&}7=1 is a sequence of i.i.d. random variables on (Z, Z) with distribution P¢, n : Z — R?
is a function such that E[n(&1)] = 0 and E[n(&1)n(&1) 7] = Se. Moreover; Ayin(X¢) > 0.

(ii) The function g : R x Z — RY satisfies E[g(0,&1)] = 0 for any 0 € R Moreover, there
exists Lo > 0 such that for any 0,6" € R?, it holds that

19(0,8) —g(0", &)l < Loll0 = 0'] and g(0%,2) =0 forallz€ Z. ®)

(iii) There exist C1¢,Coe > 0 such that Pe-almost surely that |n(§)|| < Ci¢ and
supy [|9(60, )| < Cae.

As an example of a sequence (j, satisfying conditions (i) and (ii) from A2, consider the case when the
oracle function F'(0, ) satisfies:

1. E[F(0,€)] = V() for all § € RY;
2. ||F(0,8) — F(0',¢)|| < L||0—¢| forall £ € Z, and supy |F(0,&) — F(6*,&)| < c¢ for
some ¢¢g > 0.

In this case, (i) and (ii) from A2 holds with n(§) = F(6*,€) and ¢(6,&) = F(0,£) — F(0*,¢).
Additionally, note that the identity (8) can be relaxed when one considers only last iterate bounds,
such as E[||0x — 0*]|?], see [26]. Item (ii) from A2 is often imposed when considering averaged
iterates, see [26, Assumption H2’], and [14, 42].

The assumption (iii) from A2 is crucial to prove high-order moment bounds (20), see Lemma 15.
In our proof, we closely follow the argument presented in [20, Theorem 4.1], which requires that
the noise variables (; be almost sure to be bounded. This setting can be generalized to the case
where (j, is sub-Gaussian conditioned on F;_; with variance proxy which is uniformly bounded
by a constant factor, that is, there is a constant M, such that E[exp{||F(6,£1)]|?/M?}] < 2 for any
6 € R<. This assumption is widely considered in the literature; see [27, 21], and the remarks in [20].
However, when (;, = g(0x—1,&k) + 1n(€x) and g is only Lipschitz w.r.t. 8, its moments will naturally
scale with ||f;_1 — 6*]|, thus the sub-Gaussian bound with M not depending upon 6 is unlikely to
hold. Other authors who considered bounds of type (20), e.g. [33], made stronger assumption that
supgega || F'(0,€)]| is a.s. bounded. Another popular direction is to consider schemes for gradient
clipping; see e.g. [37]. Unfortunately, employing such schemes change the key representation (12)
that we use later in the proof of the main result (see Theorem 1). We leave further studies of clipped
gradient schemes for future work. We further impose condition on the Hessian matrix V2 f(6) at 6*:

A3. There exist Ls, 3 > 0 such that for all 0 with |6 — 0*|| < 8, it holds
IV2£(0) = V2f(0)Il < Ls||0 — 6" -
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A3 ensures that the Hessian of f is Lipschitz continuous in a neighborhood of 8*. Similar assumptions
have been previously considered in [42] and [2], as well as in other works on first-order optimization
methods, see, e.g. [24]. Several studies on the non-asymptotic analysis of SGD impose stronger
smoothness assumptions, such as bounded derivatives of f up to order four, see [14]. We additionally
assume an almost sure co-coercivity of the stochastic gradient:

Ad4. The stochastic gradient F(0,€) := Vf(0) + g(0,&) + n(§) is almost surely Ly-co-coercive,
that is, for any 0,0' € RY, it holds Pe-almost surely that

L4<F(9>§) - F(9/7§),0 - 9/> > ||F(97§> - F<9/a€)”2 :

In particular, A4 holds (see e.g. [48]), when there is a function v(6, £), such that F'(6, &) = Vv (6, ),
where v(6, £) is convex P¢-a.s. and Ls-smooth. Co-coercivity is stronger than just requiring F'(6, &)
to be monotone. We also impose an assumption on the bootstrap weights W; used in the algorithm:

AS5. There exist constants 0 < Wiin < Wiax < +00, such that Wyin < w1 < Wihax @.s.

The original paper [16] also considered positive bootstrap weights w;. We have to impose bounded-
ness of w; due to our high-probability bound on Lemma 15. A particular example of a distribution
satisfying A5 is provided in Appendix E.1. We also consider the following bound for step sizes oy
and sample size n:

A6. Let o = co{ko + k} 7, where v € (1/2,1), an cg satisfies coWax max(2L4, p) < 1 and

ko = (#cﬁ/l’;m;n ),

2\2
A7. Number of observations n satisfies n > e3 and m > max(1, %), where the

constants Cg ¢ and Cs, are defined in (60) and (27), respectively.

The particular bound on k( in A6 appears due to the high-order moment bounds (see Lemma 15 in
appendix). We note that it is possible to remove the co-coercivity assumption A4, but at the price
of slightly stronger constraints on cy above. We discuss the bound on the number of observations
imposed in A7 later in the proof of Theorem 1.

2.1 Non-asymptotic multiplier bootstrap validity

Theorem 1. Assume Al - A7. Then with P - probability at least 1 — 2/n, it holds

Civl1ogn Cslogn N C3(logn)3/?

. b b __p _ n _pn*
sup [P (\/ﬁ(en 0n) € B) P(\/ﬁ(an %) € B)| < ni/2 n1—1/2 nv/2 )

BeC(R%)

where Cy1,Co and Cg are given in Appendix E.7, equation (63).

Remark 1. [t is possible to prove the result of Theorem 1 for the step size oy, = co/(k + ko). The
required Gaussian approximation result with the covariance matrix 3., is proved in [42], and we
expect that the only difference with Theorem 1 will occur in extra logn factors in the corresponding
bound and slightly different conditions on cy and k in A6.

Proof sketch of Theorem 1. The proof of non-asymptotic bootstrap validity is based on the Gaussian
approximation performed both in the "real" world and bootstrap world together with an appropriate
Gaussian comparison inequality:

Real world: \/ﬁ(én _ 9*) Gaussian approximation, Th. 2 E1/2Y -~ N(O, E)

IGaussian comparison, Lem. 19

Bootstrap world: v/n (62 — 6,,) {ZP312yP ~ N(0,%P) .

Here ¥ and ©P are some covariance matrices to be chosen later. In order to understand where
the Gaussian approximation comes from, we consider the process of linearization of statistics
Vn(0,, — 6*) and \/n(02 — 0,,). We provide details for /n(f,, — 6*), and give similar derivations
for \/n(A2 — 0,,) in Section 2.3. Denote G = V2 f(6*). We expand /n(f,, — 6*) into a weighted
sum of independent random vectors, along with the remaining terms of smaller order. By the
Newton-Leibniz formula, we obtain

VI(0) =G0 —6%)+ H(0), ©)

Gaussian approximation, Th. 3
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where H(0) = fOI(sz(O* +t(0 — 6%)) — G)(6 — 6*) dt. Note that H(0) is of the order |0 — 0*||2
(see Lemma 5). The recursion for the SGD algorithm error (7) can be expressed as

O — 0" = (la — arG) (k-1 — 6*) — ax(n(&k) + 9(Ok—1,&k) + H(Ou-1)) - (10)
Fori € {0,...,n — 1}, we define the matrices
Qi =0 Z?:_il i;:i+1(1d - aG), an

where empty products are defined to be equal to I; by convention. Then taking average of (10) and
rearranging the terms, we obtain the following expansion:

VAl =07 =W +D, W == Qu(&), D=vnl,—0)-W. (12
Note that W is a weighted sum of i.i.d. random vectors with mean zero and covariance matrix

S, =0 0 QEeQF (13)

and D is the remainder term which is defined in Appendix C, equation (39). Furthermore, in
Appendix D.1 we show that (Q; may be approximated by G~ " and ¥,, approximates

Yoo = G_lng_T .

We expect that the summand D does not significantly distort the asymptotic distribution for the
linear statistic W, which should be Gaussian by virtue of the central limit theorem. An important
question is the choice of the approximating Gaussian distribution A/(0, 3) with 3 = ¥, or ¥, as
well their bootstrap counterpart X°. This choice is instrumental in the sense that it does not change
the procedure (5), but only affects the rates in (6). The authors of [16] choose the approximation with
N(0,3,) for their asymptotic analysis. A similar approach was considered in [38, Theorem 3] for
the LSA algorithm setting. However, as it will be shown later in Theorem 4, this choice implies that
the rate of normal approximation in (6) is not faster than n~/4, At the same time, Theorem 2 and
Theorem 3 below demonstrate that we can achieve approximation rates of up to n~/2 by selecting
> = ¥, in the diagram 2.1, and its bootstrap-world counterpart in the Gaussian approximation. To
finish the proof, it remains to apply the Gaussian comparison inequality; see Lemma 19. Detailed
proof of Theorem 1 is provided in Appendix E. O

Discussion. In [38] a counterpart of Theorem 1 was established with an approximation rate of the
order n~'/* up to logarithmic factors for the setting of the LSA algorithm. The obtained rate is
suboptimal, since the authors have chosen A/ (0, X,) for Gaussian approximation when showing
bootstrap validity. A recent paper [46] improved this rate to n~'/3 for the temporal learning (TD)
procedure with linear function approximation. The algorithm they considered is based on the direct
estimate of Y., yielding a rate of order n~'/3 when approximating the quantiles of Vn(0, —0%), see
[46, Theorem 3.4 and 3.5]. The authors in [11] constructed a plug-in estimator f]n of X, and showed
guarantees of the form E[||3, — £.||] < Cn~7/2, 4 € (1/2,1) under weaker assumptions than
those considered in the current section. At the same time, approximating quantiles of \/n(6,, — 6*)
with the method of [11] would require one more step - a Berry-Esseen type bound on the rate of
approximation of v/n(6,, — 6*) with A'(0,X). As we show in Theorem 4, this rate vanishes as
~ — 1, which introduces an additional trade-off to the potential analysis of the plug-in procedures
based on estimating Y ... This effect highlights the fundamental difference between the multiplier
bootstrap approach and the plug-in approach of [11].

Moreover, we highlight that in-expectation bound E[||3,, — X||], which are typically studied in
literature for plug-in estimates [11, 35], are not sufficient to prove the analogue of the Gaussian
comparison result Lemma 1 for A’(0, $,,) and (0, X.) on the set with large P-probability. Thus,
the complete non-asymptotic analysis of the confidence sets constructed with the plug-in procedure,
remains an open problem.

2.2 Gaussian approximation in the real world

For results of this section, assumptions A2 and A6 can be relaxed. We impose a family of assumptions,
denoted as A8(p) with p > 2, on the noise sequence (, and A9 on the step sizes ay:

A 8 (p). Conditions (i) and (ii) from A2 holds. Moreover, there exists o, > 0 such that
EYP(|ln(&)|1P) < oy -
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A9. Suppose that o, = co/(ko + k)7, where v € (1/2,1), ko > 1, and ¢y satisfies 2coLy < 1.

Note that A6 implies A9, as well as A2 implies A8(p) for any p > 2. In the main result of this section
we provide the Gaussian approximation result for \/n(6,, — 6*) with (0, %,,), which refines the
bounds obtained in [42, Theorem 3.4] and is instrumental for further studies of normal approximation
with A/(0, X,) in Section 2.4.

Theorem 2. Assume Al, A3, A8(4), A9. Then, with Y ~ N (0,1,), it holds that

Cy Cs Ce
N R

where Cy, Cs, Cg are given in Appendix C, equation (40). Moreover, since %, is non-degenerate,
and an image of a convex set under non-degenerate linear mapping is a convex set, we have

de(vVnE; 26, — 60%),Y) = dc(vVn(f, — 6*), SY2Y) .

de(vnx; Y26, — 0%),Y) < (14)

Remark 2. When v — 1, the correction terms above scale as O(1/+/n), yielding the overall
approximation rate that approaches 1/\/n. Expressions for Cy, Cs, Cg from Theorem 2 depend
upon the problem dimension d, parameters specified in Al - A8(4)- A3-A9. Moreover, Cs depends
upon ||0g — 0*||. When ~ € (0,1), we have that 1/n"/? < 1/n"=/2, thus, the term Cs /n7~'/?
dominates. We prefer to keep both terms in (14), since they are responsible for the moments of
statistics ﬁ Z?z_ll Q:H(0;—1) and ﬁ Z;:ll Qig(0:i—1,&), respectively. The first of them has
non-zero mean, since H(0;_1) is quadratic in ||0; — 6*||%>. When using constant step size SGD, one
can correct this term using the Richardson-Romberg technique [14, 43 ], however, it is unclear if this
type of ideas can be generalized for diminishing step size.

Proof sketch of Theorem 2. The decomposition (12) represents a particular instance of the general
problem of Gaussian approximation for nonlinear statistics of the form \/n(6,, — 6*), where the
estimator is expressed as the sum of linear and nonlinear components. To establish the Gaussian ap-
proximation result, we adapt the arguments from [42], which can be stated as follows. Let X1, ..., X,
be independent random variables taking values in some space X, and let T = T'(X4,..., X, ) be a
general d-dimensional statistic that can be decomposed as

Wi=W(Xy,...,X,) =0 Z, D:=D(Xy,... . X,)=T-W.

Here, we define Z;, = r,(X,), where r, : X — R? is a Borel-measurable function. The term D
represents the nonlinear component and is treated as an error term, assumed to be "small" relative
to TV in an appropriate sense. Suppose that E[Z,;] = 0 and that the Z; is normalized in such a way
that >, E[Z,Z] = I holds. Let T,, = >_,_, E[|| Z,||]. Then, for Y ~ N (0,1;), the following
bound holds:

n
de(T,Y) < 259d"/2Y,, + 2B[|W|[|D|[] +2 > E[|Z[|||D — D], (15)
(=1
where DY) = D(X1,...,X,_1, X}, Xe41,...,X,) and X is an independent copy of X,. This
result follows from [42, Theorem 2.1]. Furthermore, this bound can be extended to the case where
2?21 IE[Z@ZKT] = X > 0, as detailed in [42, Corollary 2.3]. In order to apply (15), we let X; = &,
Zy = h(Xy¢), & be ani.i.d. copy of &. Then we need to upper bound E'/2[||D(&1,. . ., &,-1)||?] and
EY2[|D — D}||?], respectively. Detailed proof is given in Appendix C. O

2.3 Gaussian approximation in the bootstrap world

In the main result of this section, we study the Gaussian approximation result for \/n(62 — 8,,) with
appropriate normal distribution with respect to PP, Despite this result is similar in its nature with the
one of Theorem 2, it requires to handle some significant challenges that arises when working in the
"bootstrap world". Our first steps are the same as in (10) and (5):

Op — Op = (I — xG)(0R_1 — O—1)
—ay (H(08_,) + g(08_1, &) — H(Ok—1) — 9(Or—1,&)) (16)
—ag(wy — 1) (GO8_1 — %) + (&) + g(Oh_1. &) + H(05_,)) .
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Taking an average of (16) and rearranging the terms, we obtain a counterpart of (12):
V(0 —0,) = WP+ Db,

b 1 = b ab b a7
W? = *% Z(wz - I)Qﬂ](fz) ;o D7 = \/E('gn B 0"’) -we.
=1

Here W is a weighted sum of i.i.d. random variables =", such that E°[W®] = 0 and
— n—1
EPWE{WP}T] := X0 = n™ ! 3500, Qin(&n(6) T Q7
and DP is a non-linear statistic of Z"~!. The principal difficulty arises when considering the
conditional distribution of \/n(6% — 8,,) given the data Z"~!. In fact, the approach of [42] would
require to control the second moments of D® and D® — {DP}() with respect to a bootstrap measure

IP®, on the high-probability event with respect to a measure IP. At the same time, we loose a martingale
structure of the summands in DP, unless we condition on the extended filtration

fiza(wl,...wi,&,...&),1§i§n—1. (18)

Therefore, it is not clear if we can directly apply the approach of [42] discussed in Section 2.2. Instead,
we have to use the linearization approach based on the high-order moment bounds for the remainder
term DP (see Proposition 3 in Appendix E). This justifies the strong bounded noise assumption A2,
that we had to impose. We state the main result of this section below:

Theorem 3. Assume Al - A7. Then with P - probability at least 1 — 2/n, it holds
Mgl Mé’g logn Mgg log®? n

sup [PP(Va{Z5} V208 —4,) € B)~P(Y® € B)| <

BeC(RY) nl/2 nY—1/2 n/2 ’
where {Mé’l 3_, are defined in Appendix E.6, equation (61).
Proof sketch of Theorem 3. We apply the bound
1
sup |PP({£2} 72 (WP + D) € B) —-P*(Y" € B)|
BeC(R4)
1 1 1 (19)
< sup [P°({ZR}72WP € B) —P*(Y® € B)| + 2¢a(E°[|[{=2} 2 D°|P]) 1+e
BeC(R4)

where ¢y < 4d'/* is the isoperimetric constant of the class of convex sets. The proof of (19) is
provided in Proposition 3 in Appendix E. We can control [E[|| D ||?] by Burkholder’s inequality, where
E denotes the expectation w.r.t. the product measure P?” ® P2™. Then we proceed with Markov’s

inequality to obtain P — high-probability bounds on the behavior of E[|| DP||P]. This result requires
us to provide bounds for

EYP[||0 — 0*||P] and EVP[|62 —0*|P], ke{l,...,n—1}, (20)

with p ~ log n and polynomial dependence on p. To control the second term in the r.h.s. of (19) we
note that the matrix X2 concentrates around ¥3,, due to the matrix Bernstein inequality (see Lemma 18
for details). Hence, there is a set £; such that P(€2;) > 1 —1/n and Ay, (32) > 0 on ;. Moreover,
on this set we may use Berry-Essen-type bound for non-i.i.d. sums of random vectors. Detailed proof
is given in Appendix E. O

2.4 Rate of convergence in the Polyak—Juditsky central limit theorem

In the final part of this section, we discuss the issue of transition from X, to ¥, and estimation of
convergence rates in the Polyak—Juditsky result (4). We utilize the result of Theorem 2 together with
the following lemma.

Lemma 1. Assume that Al and A9 hold. Let Y)Y’ ~ N(0,1;). Then, the Kolmogorov distance
between the distributions of E}/ %Y and E})ézY’ is bounded by

dc(BY2Y, 22y < Coon ™1,
where the constant C'w is defined in (50).

Theorem 2, Lemma 1, and triangle inequality imply the following result on closeness to N(0, X).
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Theorem 4. Assume Al, A3, AS(4), A9. Then, withY ~ N (0,1,) it holds that
- C C C C
_n* 1/2 4 5 6 o
dC(\/ﬁ(Qn ¢ )7200 Y) < \/ﬁ + ny—1/2 + ny/2 + ni—7v’

(21)
where Cy, Cs and Cg are given in Theorem 2.

Discussion. Theorem 2 reveals that the normal approximation through N (0, ¥,,) improves when
the step sizes ay are less aggressive, that is, as v — 1. However, Theorem 4 shows that there
is a trade-off, since the rate at which 3,, converges to X, also affects the overall quality of the
approximation. Optimizing the bound in (21) for v yields an optimal value of v = 3/4, leading to
the following approximation rate:
0 * 1/2 Cll C/2 * * 12
de(Vi(l =0, 2LY) < g+ 72100 =07+ 100 = 6°%)

where C/ and C}, are instance-dependent quantities (but not depending on ||y — 6*||), that can be
inferred from Theorem 4. Given the result of Theorem 4 one can proceed with a non-asymptotic
evaluation of the methods for constructing confidence intervals based on direct estimation of X,
such as [11, 49].

Lower bounds We provide a lower bound indicating that the bound Theorem 4 is tight at least in
some regimes of step size decay power v € (1/2, 1). For this aim we consider minimization problem
(1) of the following form:

f(e):02/2—>gleiﬂg, 0p=0.

In this case * = 0. We consider an additive noise model, that is, the stochastic gradient oracles
F(0,¢) have a form F(6,£) = 0 + &, where £ ~ N (0, 1). Enrolling (2), we get

k k ~ 1 n—1
On=—> a; [[ (1—aans; and vnb, = - > Qg (22)
j=1

j=1  f=j+1
where Q; = «; ZZ;; H?: j+1(1 — ar). Note that vn(0,, — 6*) follows normal distribution
N(0,02 ) with J?w =1 Z;:ll Q?. Due to Lemma 1 (see also equation (49) in the Appendix), we

»Un,y —n
have G = 1,¥, = 1, and afw — 1l as n — oo . Moreover, the following lower bound holds:
Proposition 1. Consider the sequence {0}, } e defined by the recurrence (22) with oi; = co/(145)7.
Then it holds, for the number of observations n sufficiently large, that
72, 1] > S

nlt— )

(23)
where the constant C1(7y, o) depends only upon co and ~y. Moreover, for n large enough

de(vn(ln — 6),N(0,1)) > 2ol | (24)

Discussion. Proof of Proposition 1 is provided in Appendix F, together with some simple numerical
simulations which indicate the tightness of the lower bound (23). Note that the bound (24) reveals
that the distribution of v/n(6,, — 6*) can not be approximated by N (0, X,) with the rate faster than
1/n'=7. Moreover, it shows that the rate of normal approximation in Theorem 4 can not be improved
when « € [3/4;1). This fact is extremely important when taking into account the bootstrap validity
result of Theorem | and normal approximation in Theorem 2. Indeed, both results suggests that the
rates of normal approximation of order up to 1/+/n can be achieved when v — 1, but they require to
consider another covariance matrix .,,, corresponding to the linearized recurrence in (13). At the
same time, in the regime y — 1, the approximation by A (0, X,) can be too slow. It is an interesting
and, to the best of our knowledge, open question to provide lower bounds analogous to Proposition 1
which show the tightness of other summands in Theorem 4 in the regime 1/2 < v < 3/4.

3 Conclusion

In our paper, we performed the fully non-asymptotic analysis of the multiplier bootstrap procedure for
SGD applied to strongly convex minimization problems. We showed that the algorithm can achieve
approximation rates in convex distances of order up to 1/y/n. We highlight the fact that the validity
of the multiplier bootstrap procedure does not require one to consider Berry-Esseen bounds with
the asymptotic covariance matrix X ., which is in sharp contrast to the methods that require direct
estimation of ..
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract clearly lays out the paper’s main contributions—namely, the
non-asymptotic validity of the multiplier bootstrap for constructing confidence sets in
SGD, with convex-distance approximation rates up to O(n~7/2) (and up to O(n~1/2) as
v — 1), constituting the first fully non-asymptotic bound of this kind in SGD algorithms
. The introduction then explicitly enumerates these same contributions (non-asymptotic
bootstrap validity, the role of the linearized covariance ¥,,, and Gaussian approximation
rates with matching lower bounds) in its “Our key contributions” section, directly reflecting
the theorems and scope developed later in the paper.

Main results are, respectively, the ones of Theorem 1 and Theorem 3, their statements are
complete and supported by the proofs in the Appendix section.
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: In Section 2, we explicitly acknowledge key limitations of our analysis,
including the almost-sure boundedness requirements on the noise and bootstrap weights
(Assumptions A2(ii)—(iii) and AS5) as well as Lipschitz and co-coercivity conditions on the
gradient. We furthermore note that relaxing these via gradient clipping schemes is left as
future work.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.
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* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All theoretical results are stated with explicit pointers to the underlying
assumptions (see Sections 2 and 2.2), and every theorem and corollary is accompanied by a
full, detailed proof in the supplementary paper, with clear references to the corresponding
sections. To help the reader, we also include the proofs of some non-standard results (on
whihc we do not claim originality); we always carefully state sources.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Numerical results for Proposition 1 are given in Appendix F with a full
description of the sets of hyperparameters we used.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Even though the experiment is toy-like - most of the paper is theoretical-, we
include a link to an anonymous GitHub repository.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental section in Appendix F explicitly provides the settings (step
size, specific equations, number of observations, etc.) necessary for understanding and
reproducing the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
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7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: We omit error bars since the experiment contains no stochastic components.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: All necessary information to reproduce experiments is provided in Appendix F.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: This paper is of purely theoretical nature, and the proposed methods do not
deal with sensitive attributes that could induce unfairness or privacy issues.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
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10.

11.

12.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This paper is of purely theoretical nature. We do not foresee any societal harm
from the proof of non-asymptotic bootstrap validity.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

» If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper contains no models or datasets with potential for misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
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13.

14.

15.

Justification: No external datasets, software, or assets were used in this paper.
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets were introduced in this research.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Paper does not involve crowdsourcing nor research on human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
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804 Answer: [NA]

805 Justification: Paper does not involve crowdsourcing nor research on human subjects.

806 Guidelines:

807 * The answer NA means that the paper does not involve crowdsourcing nor research with
808 human subjects.

809 * Depending on the country in which research is conducted, IRB approval (or equivalent)
810 may be required for any human subjects research. If you obtained IRB approval, you
811 should clearly state this in the paper.

812 * We recognize that the procedures for this may vary significantly between institutions
813 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
814 guidelines for their institution.

815 * For initial submissions, do not include any information that would break anonymity (if
816 applicable), such as the institution conducting the review.

817 16. Declaration of LLM usage

818 Question: Does the paper describe the usage of LLMs if it is an important, original, or
819 non-standard component of the core methods in this research? Note that if the LLM is used
820 only for writing, editing, or formatting purposes and does not impact the core methodology,
821 scientific rigorousness, or originality of the research, declaration is not required.

822 Answer: [NA]

823 Justification: The paper does not involve the use of LLMs or related methods.

824 Guidelines:

825 * The answer NA means that the core method development in this research does not
826 involve LLMs as any important, original, or non-standard components.

827 ¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
828 for what should or should not be described.
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