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Abstract

In Bayesian inference, a common technique to approximately sample
from and compute statistics of high-dimensional posteriors is to use the
Laplace approximation — a Gaussian proxy for the true posterior. The
Laplace approximation accuracy improves as sample size grows, but the
question of how fast dimension d can grow with sample size n has not been
fully resolved. Prior works have shown that d®> < n is a sufficient condition
for accuracy of the approximation. But by deriving the leading order
asymptotics of the TV distance between the two measures, we show that
in fact d? < n is sufficient, and we show for a logistic regression posterior
that this growth condition is necessary. Furthermore, through another
leading order asymptotic expansion, we derive a computable correction to
the mode, which is the Laplace approximation to the mean. Incorporating
this skew correction improves the mean approximation accuracy by two
orders of magnitude.

1 Introduction

Consider the posterior distribution 7 of a parameter x € R? given i.i.d. data

yi, i =1...,n, a prior v on z, and a data-generating model p(- | z):
(@) = (@ | {gi}ioy) o v(@) [ [ plyi | 2), = e R (L.1)
i=1

In modern applications, the dimension d can be very large, so that computing
summary statistics of m — given by high dimensional integrals — is the central
challenge in Bayesian inference. A standard approach in Bayesian inference to
approximate integrals with respect to m is to use the Laplace approximation:
namely, to write 7 o< e~V and replace V by its second order Taylor expansion
around the minimizer m of V', which is the mode of 7. This yields the Gaussian
density

=N (i, V2V()~'), s =argmin V(z), (1.2)

zER4



and we can now easily evaluate integrals with respect to 4. In fact, this approx-
imation automatically gives us an estimate for the mean and covariance of m,
but we can also approximate expectations of other observables f (e.g. indica-
tors of credible sets) as f fdr =~ f fd#4. To understand the rationale behind the
Laplace approximation, note that for 7 oc =V of the form (1.1), we can write
V(z) = nv(z), where

1
v(z) = _EIOgV - = Zlogp yi | ) (1.3)

Therefore,

Jpa fETVdx
/fd ?d e~mdg’ (1.4)

and such integrals can be approximated using Laplace’s method for large n (note
however that v can depend on n, while in the classical theory v remains fixed).
The idea of Laplace’s method is that when n is large, the density = o< e~"v(*)
concentrates around x = m, the global minimizer of v. But near m, the function
v is well-approximated by its second order Taylor expansion. The resulting
density is precisely the Gaussian density 4 defined in (1.2).

The central question addressed in this work is the accuracy of the Laplace
approximation in the case when dimension d grows with sample size n. Specif-
ically, how fast can d grow with n such that 4 still yields an accurate approxi-
mation to m when n > 17 To address this question, we derive the leading order
asymptotics of the observable expectation error [ fdm — [ fd¥ for generic f.
We use this expansion to conclude that the TV distance between 7 and % is
small provided d? < n, up to v-dependent constants (which we will discuss at
length). Furthermore, the asymptotic expansion opens the door to correcting
the Laplace approximation, since the leading order term of [ fdm — [ fd¥ is
explicit and computable. In particular, for f(z) = 2 this amounts to a com-
putable skew correction to the mode 7, which improves the approximation of
the mean by two orders of magnitude.

Before describing our contributions in more detail, we explain the “fixed-
sample” and model-agnostic perspective taken in this work.

The Laplace approximation as fixed-sample BvIM. Due to the random-
ness of the data {y;};, the posterior 7 is itself random. The Bernstein-von
Mises (BvM) theorem considers 7 in the large n limit under the frequentist as-
sumption that {y;}?  is drawn i.i.d. from the distribution p(- | zg), where zg
is the ground truth parameter. In this case, the BvM theorem states that, with
high probability under the ground truth data-generating process, the posterior,
when centered on an efficient estimator, converges in TV as n — oo to a zero
mean Gaussian with covariance matrix given by the inverse of the Fisher infor-
mation at zg.The classic BvM theorem is stated for fixed parameter dimension,
but in the last several decades, BvM results in growing parameter dimension
have been shown. We review these below.



In practice, the BvM has two drawbacks. First, it does not yield an imple-
mentable Gaussian approximation, since the covariance of the limiting Gaussian
depends on the ground truth. Second, it does not allow us to quantify the dis-
tance between the limiting Gaussian and a given posterior m as a function of
the fized samples {y;}_,. But the Laplace approximation is implementable,
and recent works (discussed below) have obtained error bounds on this approx-
imation which depend explicitly on the function v for which 7 is defined via
m ~ e ™. Note that v incorporates both the log prior and the log-likelihood,
which depends on the given samples {y; }?_;. For a distance ¢ between measures
(or an f-divergence), such a bound takes the general form

o(m, %) < e(d,n,v). (1.5)

Typically, €(d,n,v) depends on v through its derivatives in a neighborhood of
the mode m. We, too, take this fixed-sample perspective. Our approach is also
model agnostic: we do not require that 7 has the form of a posterior distribution
at all. Rather, we simply assume 7 o< e™™" for some function v. Note that v is
defined on R?, and therefore inherently depends on dimension. We also allow
v to depend on n, although our results our most useful in the case when this
dependence is mild, as in (1.3).

Dimension dependence: prior work. A long line of work has established
in various settings that the BvM holds when d = d,, satisfies d3/n — 0 as n —
00, up to logarithmic and model-specific factors. [Ghosal, 1999, Ghosal, 2000]
prove BvMs for posteriors arising from linear regression models and exponen-
tial families, respectively. [Boucheron and Gassiat, 2009] proves a BvM for the
posterior of a discrete probability mass function truncated to its first d,, en-
tries. [Spokoiny, 2013, Panov and Spokoiny, 2015] prove BvMs for growing para-
metric, and semiparametric statistical models, respectively. [Lu, 2017] proves
a BvM for nonlinear Bayesian inverse problems. See all of the above works for
further references on BvMs with growing parameter dimension.

We have summarized the above BvM results under the generic condition
d3/n — 0 as n — oco. However, we emphasize that important model-specific
growth conditions must also be satisfied. To give an example, [Lu, 2017] requires
that o(d,)?logd,+/d3 /n — 0, where o(d,,)~! is a lower bound on the smallest
eigenvalue of the gradient of the forward operator. [Boucheron and Gassiat, 2009]
requires that d3 /(ninf;<q, 09(i)) — 0, where 6y(4) is the probability of state
1=1,2,3,... under the ground truth probability mass function 6.

More recent “finite-sample” works, which bound the accuracy of the Laplace
approximation (1.2), have conveyed these model specific growth conditions through
the function v (where 7 < e~™). Namely, they obtain bounds in terms of a “uni-
versal” factor depending on d and n only, and a “model-specific” factor depend-
ing on v. Specifically, the works [Helin and Kretschmann, 2022, Spokoiny, 2022,
Dehaene, 2019] have obtained error bounds on the Laplace approximation of the

form
TV(r,4) S cs(0)y/@/m,  KL(7 | 9) S e3(0)2d? /.



Here, c3(v) is a ratio of third and second order derivatives of v, whose definition

varies slightly from paper to paper. We note that the TV and KL bounds due

to [Spokoiny, 2022] are actually in terms of d2;/n, where deg < d is an effective

dimension which depends on the strength of regularization by a Gaussian prior.
Remarkably, the above TV bound was recently tightened in [Kasprzak et al., 2022].

Without strengthening the assumptions of the above works, the authors show

that in fact,
TV(m,4) < es(v)\/d?/n, (1.6)

where ¢3(v) is an analogous constant to the above. Interestingly, dimension
dependence was not the stated aim of this work, and the dependence of the
bound on d was not made explicit in the paper. We review this work and the
authors’ proof method in more detail below.

Main Contributions. The result (1.6) by [Kasprzak et al., 2022] tightens the
dimension dependence of previous bounds, showing that d? < n is sufficient for
Laplace approximation accuracy, up to model-dependent conditions. However,
the question remains: what are the necessary conditions on d, n, and v to ensure
Laplace approximation accuracy? This question can be resolved with an asymp-
totic expansion of the TV error. Early progress toward an asymptotic expansion
in the high dimensional regime was made in [Shun and McCullagh, 1995].

Our first main contribution is to derive the leading order asymp-
totics of the TV error, bringing greater clarity to the question of Laplace
approximation accuracy as a function of v, d, and n.

Theorem 1.1 (Informal). Let V = nv € C* have a unique strict minimum
m. Letm < eV and 4 = N(m, VQV(m)*l) be its Laplace approzimation. If
the third and fourth order derivatives of V grow at most polynomially and V
grows at least polynomially (any power greater than zero) at infinity, then for
an explicit quantity

L = L(V?V (), V3V (1)),

we have the decomposition TV (w, 4) = L + R. The leading order term L and
the remainder R are bounded as

2
0<L< 63(11)%, |R| < f(cs(v),ca(v)) (\;%) .

See Theorem V1 for the formal statement and explicit formulas for L and f,
and Section 2.1 for the definitions of c3 and ¢4. In most cases, the upper bound
on R is an order of magnitude smaller than the upper bound on L. Therefore,
the first implication of the theorem is a tighter upper bound on the TV error
thanks to tight control over the explicit term L.

More importantly, however, the term L determines the relationship between
d,n, and v under which the Laplace approximation is accurate. We believe the
upper bound |L| < e3(v)d/+/n is generically tight. But even in cases where
it is not tight, the term L still serves as the starting point for analysis. For
example, if L ~ (d//n)?, this implies one should compute the second order



term in the expansion (which our theory provides in semi-explicit form). If e.g.
L ~ +/d/+/n, then this is a useful indication that d//7 is not the fundamental
unit, of error.

As mentioned above, we prove Theorem 1.1 by deriving the leading order
asymptotics for the observable expectation error [ fdm — [ fd4. This allows
one to improve the accuracy of the Laplace approximation to an observable
expectation of interest. Arguably the most important observable is the mean.
Thus, our second main contribution is to derive a skew correction to
the mode to better approximate the mean.

Theorem 1.2 (Informal). Consider the same setting and conditions as in The-
orem 1.1, and additionally suppose V € C°, with V°V growing polynomially at
infinity. Let m, be the first moment of w, and note that m is the first moment
of 4. Then for an explicit quantity

L = L(V*V (i), V*V (i),
we have the decomposition V2V (1n)'/2(m, —m) = L + R, where

sl s (J2) RS F ) et esto) (jﬁ)

The message of this theorem is that L := V2V (1n)~'/2L is an explicit,
computable skew correction term. Indeed, when 7 is skewed, the mode m is
likely not to be a good approximation of the mean m,. But the theorem shows
that estimating m, by m + L rather than by m decreases the normalized error
by a factor of d?/n. See the below paragraph on computability, as well as
Example 2.1, for a discussion of the cost of computing L.

We note that [Kasprzak et al., 2022] also bounds the mean error (without
the correction), obtaining the same order of magnitude, d//n, as do we in
the above theorem. The recent work [Durante et al., 2023] also derives a skew
correction — not just to the mode m, but to the Gaussian distribution ¥ itself.
The resulting distribution, which belongs to the class of generalized skew-normal
distributions, leads to a TV error of order O(1/n), which is a factor of 1/y/n
better than the TV error for the original Laplace approximation. However,
the TV error bound for the skew-normal approximation scales exponentially in
dimension.

In addition to the above asymptotics of the mean error, we also derive an
upper bound on the covariance error. The leading contribution to this error is
already of order (d//n)? (compare to the leading mean error, which has order
d/+/n), so deriving the explicit correction term that would make the covariance
error even smaller seems unnecessary.

A necessary price to pay for the generality of our results is that our bounds
depend on the data and statistical model only indirectly, through the constants
c3(v), cq(v), c5(v). Determining the scaling of these constants with dimension
must be done on a case-by-case basis. We show how this can be done for logistic



regression, an important model used often in practice. Thus our third main
contribution is to prove high probability upper bounds on the Laplace
approximation error for a logistic regression posterior with Gaussian
design. We show that if d?/n < 1, then the coefficients c3(v), f(c3(v),ca(v)),
f(es(v), ca(v), c5(v)) arising in the bounds on L and R in Theorems 1.1 and 1.2
are all bounded by an absolute constant with high probability. This leads to
state of the art error bounds on the Laplace approximation for logistic regression,
in terms of d/+/n alone. We also show numerically that the leading order terms
L in the TV and mean error decompositions are bounded from below by d/\/n,
showing that in this example, d?/n < 1 is necessary and sufficient for accurate
Laplace approximation.

Furthermore, the logistic regression analysis paves the way to deriving bounds
on the Laplace approximation error for other generalized linear models with
Gaussian design.

Computability and comparison to Gaussian VI. Gaussian variational
inference (VI) offers another Gaussian approximation to posteriors w. It is
defined as

AVE = argmin KL(p || 7), (1.7)

PEPGauss

where Pgauss is the family of nondegenerate Gaussian distributions on R<. For
a measure T o< e~ on RY [Katsevich and Rigollet, 2023] bounds the mean
and covariance error of Gaussian VI in terms of d and n. They found that the
normalized mean approximation error is upper bounded by (d®/n)3/2, which
in its n dependence significantly outperforms the Laplace mean approximation
error. However, Theorem 1.2 shows that if we can compute the skew correction
term L, then the estimate m + L is just as accurate as the Gaussian VI mean
error — order (d?/n)3/?. Note that the Laplace and VI covariance error both
have the same n scaling; see Figure 1 in [Katsevich and Rigollet, 2023].

We show in Example 2.1 below that for a generalized linear model, com-
puting the mean correction term L is no more computationally expensive than
computing the Laplace approximation itself, which requires 1) finding the mode
7, 2) computing the Hessian V2V (1), and 3) inverting the Hessian to obtain
the covariance estimate. In fact, fully inverting the Hessian is not even required
to compute L; one need only solve the linear systems V2V (h)a; = x; for a;,
1 =1,...,n, where the z; are the predictor variables. In particular, computing
the third derivative tensor V3V (1) is straightforward for GLMs (and moreover,
in order to evaluate L one need not first compute and store this tensor).

However, for other statistical models — particularly Bayesian inverse prob-
lems — computing the third derivative of V' may be prohibitively expensive.
In this case Gaussian VI may be more feasible, since it only requires the first
derivative of V. See [Lambert et al., 2022, Diao et al., 2023] for algorithmic
implementations of Gaussian VI.



Organization. The rest of the paper is organized as follows. In Section 2,
we state our assumptions and main results on the Laplace approximation. In
Section 3, we specialize these results to logistic regression. In Section 4, we
present the most general version of our asymptotic expansion to arbitrary order.
We outline the proof of the expansion, and show how the theorems in Section 2
follow from it.

Notation. For a measure 7 on R¢ with finite first and second moments, we
let m,, X, be the mean and covariance of w. For a function V with a unique
minimum, we define Hy to be the Hessian of V' at the minimum. We let v denote
the density of the standard normal distribution N(0, I) in d dimensions, and
we write either [ fdy or E[f(Z)] or v(f) for the expectation of f under .
We write Z = (Z4,...,7Z4) to denote a standard multivariate normal random
variable Z ~ ~ in R%, and Z; to denote a standard normal in R. For an
observable f:R? — R such that [ |f[Pdy < oo, we define

i1, = (| |f|pdv)’l’ .

A tensor T" of order k is an array 1" = (Eliz---ik)i,...,ikZI' For two order k tensors
T and S we let (T, S) be the entrywise inner product. We say T is symmetric
it Ty, .4, = Tj, .., for all permutations ji ... ji of i ... 1.

Let H be a symmetric positive definite matrix. For a vector z € R?, we
let ||z||g denote ||z||p = VaTHz. For an order k tensor T, we define the
H-weighted operator norm of T to be

T = sup (T,21 @+ @ xp). (1.8)
lzilla==lzkln=1
When H = I, the norm ||T'||;, is the regular operator norm, and in this case we
omit the subscript. For a symmetric, order 3 tensor 7' and a symmetric matrix
A, we let (T, A) € R? be the vector with coordinates

d
(T, A); = Z TijkAjk, i=1,...,d (1.9)
k=1
Note that [[(T, A)|| = sup,=1(T, A®u), and if A = 2?21 \ivvl is the eigen-
decomposition of A then

d

(T, Al = HSlﬂlpl<T7A®U> <Y T v @ v @u)| < dIAJIT].  (L.10)
wii= i=1

2 Main Result

—nv

Let mx e on R?. In this section, we first state our assumptions on v, n, and
d. We then present our results on 1) the TV distance between 7 and its Laplace
approximation, 2) the first moment error (with and without skew correction),
and 3) the covariance error.



2.1 Assumptions on the potential

Here, we state and discuss our assumptions on v, d, and n.

Assumption Al. v € C* with unique global minimizer x = 7, and H, =
V2u(1m) = 0.

Assumption A2. There exist c3,cq4 > 0 such that the following bounds hold
on the operator norms of third and fourth order derivative tensors, at m and in
a vanishing neighborhood of 1, respectively:

IV2o(i)lla, < cs,
V(i +2)la, < cay Vielm, < 4v/d/n.

Assumption A3. For some ¢ > 0 and the same ¢4 as in Assumption A2,
we have the following global bound on the growth of the fourth derivative of
t— v(m+ tu):

(2.1)

(V2o (i + tu), u®)| < eqmax (1,1)?,  V|u|g, =1, >0. (2.2)

Note that supy,,, =1 [(V*0(ri + tu), u®*)| < supyy,, 1 [V +tu)|m, .
Therefore, Assumption A3 is implied by the following, stronger assumption,
which may be easier to interpret: for some g > 0,¢4 > 0 we have

C <1
i < { Izllar, <1, (23)

VA0 (i + )] ~
Callelfy,, Mol > 1.

If (2.3) holds, then both the second bound in (2.1) and Assumption A3 hold
with ¢4 = ¢é;. Note that since v € C*, we can always find a finite constant &,
such that sup|,,, <1 [V*0(m+2)|a, < ¢ Therefore, (2.3) simply states that
we can extend this uniform (constant) bound inside the unit ball {||z| gz, <1},
to a polynomial growth bound outside of it. The actual assumption A3 is
analogous but slightly weaker, since we only consider the action of V*v (i + tu)
in the direction of u itself. This only makes a difference for ¢ > 0, since at
t = 0 we have supHuHH”:1<V4v(m),u®4) = ||[V*0(m)| g,. Thus in particular,
Assumption A3 implies that ¢4 is no smaller than ||[V*v ()| g, and in fact, no
smaller than SUD| )11 <o/ V40 (m + )| g, by Assumption A2.

Assumption A4. For some ¢y > 0,a > 0, and 0 < r < 1 satisfying
4ezr 4 cqr® <6, (2.4)
the following lower bound holds on the growth of v at far-range:

v(m +x) —v(m) = collz/rl%,, Vizla, =7 (2.5)



Remark 2.1. It will be important for our main results in Section 2.2 that ncy
satisfy some minimal growth condition. To verify this condition, it is convenient
if we can take co = inf |y, —, [V(M +x) —v(M)] in (2.5), meaning that

in vl + ) ; v(m) = inf v +2z)—v(h) = (2.6)
lolle, > [l2/r]%, 2|7, =r

The convenience of this cg is that it is easy to bound from below. Indeed,
Lemma 4.3 below implies that
co= inf w(h+2x)—v(m)>r?/4d (2.7)
!l =r
The condition (2.6) is slightly stronger than Assumption A4, which only requires
that the lefthand side of (2.6) is bounded below by some ¢y > 0. However, if
v is convez, for example, then it is straightforward to show that (2.6) holds for

a =1 and any r > 0. Therefore, assuming (2.6) holds for some 0 < a < 1 and
some r > 0 is weaker than convezily, though stronger than (2.5).

Our theorem on the first moment approximation error will also require the
following additional assumption.

Assumption A5. v € C%, and there exists a positive constant cs such that
with the same ¢ from Assumption A3, we have the following bound on the
growth of the fifth derivative of ¢t — v(m + tu):

a
(VPv(1 + tu), u®®)| < c5 max (1, ) . Yullg, =1,6>0. (2.8)

t
Vd/n

This assumption on the fifth derivative is analogous to but slightly weaker
than Assumption A3 on the fourth derivative. Here, the transition from uniform
boundedness to polynomial growth occurs at ||z|| g, = +/d/n rather than at
lz||z, =1 (where & = tu).

Remark 2.2. Note that for all ||ullg, =1 and t > 0, we have

| VEu( + tu)||

(Vo + tu), w5 < IVFe(m 4+ )|, < i

(2.9)
(The lefthand inequality for k = 4 was already discussed following Assump-
tion A3.) Therefore, Assumptions A2, A3, and A5 are implied by the following
three inequalities, respectively:

)\min(Hv)g/2 =
[V (i + )| J
oz = emax(Lllzln)?, Ve e R (2.10)
[V5u(rn + z)|| q 4
Sy < (Ul ) v et




In some cases, including the logistic regression posterior in Section 3, it is sim-
pler to bound the lefthand quantities in (2.10) then it is to check the original
assumptions.

Discussion. Let us comment on the dependence on d,n of the quantities
o, C3,C4,Cs5,q, a, 1, for a function v stemming from a posterior distribution, as
n (1.3). Consider the asymptotic regime in which n — co and d grows with n.
In this case, we have a sequence of priors v = v4 on R?, and models p(- | z) =
pa(- | z), = € R%. Typically, the prior and model do not depend on n explicitly
(only through d). Thus v depends on n only via the scaled-down prior %Vd, and
via the average of the n functions p(y; | -). If the data {y;}?, are distributed
i.i.d. from some distribution @ (e.g. @ = p(- | zp) in the well-specified case with
ground truth zy), then for large n we expect that v(x) = Eyg[—logpa(Y | x)].
This is only heuristic, since d grows with n, but it suggests that the above
quantities depend only mildly on n itself.

On the other hand, these quantities may depend strongly on d. For exam-
ple, recall from Remark 2.2 that cs,c4, c5 can be obtained as upper bounds on
| V*0|[ Amin (H,) %72 for k = 3,4,5. If A\pnin(H,) is going to zero with d, as in
ill-posed inverse problems, then we can expect cs3,cyq,c5 to grow with dimen-
sion. (Note that the function v in Bayesian inverse problems can be written in
a similar form to (1.3); see [Lu, 2017].)

We will see in the theorem statements in the next section that our bounds on
the Laplace accuracy are only small if c3d/y/n and c4d?/n are small. Therefore,
if ¢3,c4 grow with dimension then the Laplace approximation is only valid if
n > d?>*P for some p > 0. This is natural; we cannot expect n > d? to be a
universal condition that guarantees accuracy of the Laplace approximation in
all cases.

Another implication of growing cs3, ¢4 is that it forces us to take r small to
satisfy (2.4), and hence ¢y will also be small. We will discuss this in the next
section following our theorem statements. Finally, since ¢ and « are powers of
polynomial growth, it seems less common for these constants to also scale with
dimension. For example, if v remains convex for all d, then we can always take
a =1 (see Remark 2.1).

2.2 Main results on the Laplace approximation error

Recall that 7 o< e~", where V = nv, and

m = arg min V(z), Hy = V2V ().
z€R?

The below theorems involve the following constants:

Ky = exp (A(q)esd/v/n) (1+ By.e), (2.11)

10



where A(q) is some constant depending only on g,

_ d
C3=cC3+cCcp——=

V' (2.12)
By = exp (p+ U4+ g) + d) log(rv/ne'/*) = neo)

Here, p and ¢ are parameters arising in our general asymptotic expansion of
[ fdm — [ fdy. Namely, ¢ is the order of the expansion and p is the power of
polynomial growth assumed on f (see Proposition 4.1 for more details).

For simplicity, we assume in the below theorems that ¢ and «, powers of
polynomial growth of v, are absolute constants.

Theorem V1 (TV asymptotics and error bound). Let L be given by

1 _
L=—F ‘<V3V(m), (H?2)®3%)| (2.13)
where the expectation is with respect to Z ~ N(0,14). If v satisfies Assump-
tions A1-A/, then

TV (7, N(ih, Hy')) = L+ R,

|L\<C3i |R| < Ko2(23 + ca) L 2 (214
~ \/67 ~ s 3 \/ﬁ .

Discussion: upper bound. Consider the leading order term L from (2.13).
Let us explain why L < c3d/+/n, since this bound is at the heart of our
overall proof. Let W(z) = V(i + H;lmx). Then we can write L as L =

E[(V3W(0), Z®3)|. Now, one can show that

C3

< 2
va\/ﬁa

explaining why L scales with n as 1/y/n. This is also clear from the original
definition (2.13) of L, since H‘;l/Z ~ 1/y/n and V3V ~ n. However, it is not
immediately clear why the upper bound on L scales with d as d*. Indeed, the
straightforward bound on L is the following:

VW (0)] = %nv%m)\

L? <E [(V*W(0), 2%%)%] < [V*W(O)II*E [IIZ]°] < <c3df§> (2.15)
But in fact, we have
L* <E [(V*W(0), 2%%)?] = 6] VW (0)|I% + 9V W (0), La)|
(2.16)

d 2
< 15d2|| VAW (0))* < 15 <03\/ﬁ> :

11



The equality is proved in Lemma D.1. To prove that the remainder TV(:) — L
is bounded as (d//n)?, we prove the more general fact that

E [(T, 28%)*] < (d|IT])* (2.17)

for a symmetric order 3 tensor T'. See Section 4.5 and Appendix D.

Lower bound. To show that TV (7, N (s, H;l)) ~ d/+/n, we need to show
L is bounded both above and below by a multiple of d//n. This is true if the
inequalities in (2.16) are tight up to constants. It may be possible to show these
inequalities are generically tight in some sense, but we do not investigate this
further. Rather, we believe the value of Theorem V1 lies in its application to
individual models, since one can exploit the problem-specific structure to derive
tailored upper and lower bounds on L. For example, we will show in Section 3
that for a posterior stemming from logistic regression, L is indeed bounded both
above and below by d/+/n. To give an example of a non-generic case, suppose
7 is a product measure. Then one obtains that V3W (0) is a diagonal tensor,
and it follows that the Frobenius norm is an order of magnitude smaller than d
times the operator norm.

Theorem V2 (Mean asymptotics and error bound). Let L be given by
1
2
If v satisfies Assumptions A1-A4, then

L=—=H,">(V3V (), H;"). (2.18)

HY/*(my — ) = L+ R,

LIS ey 1R S Kol +eo) (L) 21
~ \/ﬁ’ ~ s \/ﬁ
If v also satisfies Assumption A5, then in fact
< z =3 —1/2 d\’ o d\*
IRl < K13(Csca + 54 c5d /%) 7 + & (2.20)

Remark 2.3. Note that the mode m is a poor estimate of the mean m, if ™
s skewed, and we should think of H‘;I/QL as a correction to the mode which
accounts for skew. Theorem V2 shows that if we can compute

L=mH,"*L= —%H;1<V3V(m), Y, (2.21)

then the skew-corrected approximation m, ~ 1m + L will be much more accurate
then the approximation m, = m by the mode alone. This is evident in Figure 1,
for a logistic regression example.
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Example 2.1 (Skew correction for GLMs). Consider a generalized linear model
(GLM) with likelihood

p({yiticy [{zi}is,, 0) o exp (Z i x; — ¢(9Txi)> :
i
Here, the y; are scalar, dependent variables, the z; € R? are the independent
variables, and 6 is the parameter whose posterior distribution we are interested
in. For example if ¢(s) = log(1l + e°) then this is the likelihood for logistic

regression. For a flat prior on # € R?, the posterior of 6 given the data takes
the same form, i.e. 7(6) o< e~ (?) where

V()= [yt zi + (07 ;)] .

)

It is then straightforward to compute that for £ > 2, we have

v®V (g Z o™ (8T 2,)a 2",
and hence the skew correction L defined in (2.21) is given by

. 1 & - _ _
L=-3 > ¢ (0 ) (x] Hy i) Hy ' X,
i= (2.22)
where Hy = Z ¢" (0T x;) a2t

and 0 is the mode of 7, in this case also the MLE. Note that computing L does
not require inverting Hy, but rather only solving the linear systems z; = Hya;
for a;.

Theorem V3 (Covariance error bound). If v satisfies Assumptions A1-AJ,
then we have the upper bound

_ oo d N .
(50— H VY] S Kaalen+ ) (2 )+ 12 e = )

The bound on ||H‘1,/2(m,r — m)||* can be obtained by adding together the
bounds on L and R from (2.19) in Theorem V2. Thus we se see that the total
covariance error has order (d/y/n)? (holding cs, ¢4 fixed).

We note that [Kasprzak et al., 2022] also bounds the covariance, assuming
v € C3. Our bound is tighter by a factor of d/\/n due to a symmetry-related
cancellation that can be made when v € C*. [Spokoiny, 2022] also provides the
ingredients to obtain a covariance bound but does not state a bound explicitly.

Remark 2.4. Given a lower bound on Amin(Hy ), the bounds in Theorems V2
and V3 can be transformed into bounds on ||my — 1| and |2, — Hy Y|, respec-
tively.

13



Finally, we present our general result on the leading order correction to the
Laplace approximation of an observable expectation.

Theorem V4. Suppose |f(x)— f(im)| < Cyllx—ml|f,, for somep,Cy >0, and
that v satisfies Assumptions A1-A4. Then

E xnr[f(X)] = E x5 [f(X)] + L(f) + R(f),
where the leading term L(f) is given by
1

L() =~ B xos [FOO(VV (), (X —i)®)], (223)
and L(f), R(f) are bounded as
d
LN IS =Dl T
P (2.24)
RO S Kp2 (Cr VI = A(Dllza)) (& + ea)—
Remark 2.5. Note that ||z — g, = nP/?||z — m|m,, so if f ~ 1 grows

polynomially then we expect Cy ~n~P 2

Remark 2.6. Theorem V3 is proven by taking f(x) = (uTz)?, ||ul| = 1 in Theo-
rem V4. Note that since f is even, L(f) = 0, which explains why the covariance
error is of order (d/\/n)? rather than d/\/n. In Theorem V2, the leading order
term and the first of the two bounds on R also follow from Theorem V4, with
f(x) =uTxz. To get the second bound on R we use the more general asymptotic
expansion of [ fdm shown in Section 4.3; see Proposition /.1.

Example 2.2 (Observable correction for GLMs). Consider the same set-up
as in Example 2.1, and suppose we want to compute Eg.,[f(8)], the pos-
terior expectation of a polynomially bounded observable f. Then according
to Theorem V4, we can improve the accuracy of the Laplace approximation
Eor[f(0)] = Eg~3[f(8)] by adding the correction term L(f). For the GLM,
this corrected approximation takes the form

Egr[f(0)] = Egs l <1 — Z¢’” («T0)(xT0 — 270) )] , (2.25)
where 0 is the mode of 7.

Consider the constants K, appearing in the above theorems. As we have
noted in the discussion in Section 2.1, if c3, ¢4 are large then we are forced to
take r small to satisfy (2.4), and hence ¢y will also be small. If as a result, the
exponent of By, ; (defined in (2.12)) grows with d, then the prefactor K, ¢ in our
bounds would blow up. However, the following lemma rules out this possibility
under mild assumptions.
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Figure 1: Contour plots of the densities p,, := Tpm with n = 15 (left), and
n = 50 (right). Here, 7 is the logistic regression posterior from (3.1), and
the rescaling map T'(z) = H‘l/2 (x — m) shifts the mode to zero, marked by a
white X. The red X marks the location of the true mean (upon rescaling), and
underneath the red X is a black X, marking the location of the skew adjustment
L. On the scale depicted here, the red and black X’s are indistinguishable.

Lemma 2.1. Suppose csd/+/n < 1 and c4d?/n < 1, andlogn < min(y/n/d,Vd).
Suppose also that (2.6) is satisfied with r = logn+/d/n and some a > 0. Finally,
suppose p+£(4+ q) +d < Cd for some C > 1, and

C 1
max (C’ loglogn, 3 log d, C'oz_l) < 2 log?® n. (2.26)

Then Assumption A4 is satisfied with this choice of r (including (2.4)), and
By <1.

Assuming c3d/y/n < 1 and cqd? /n < 1 is reasonable since our bounds in
the above theorems are only small if c3d/y/n and c4d?/n are small. That n
is bounded by eVd is also a very weak requirement for large d. Also, recall
from Remark 2.1 that (2.6) is only a slight strengthening of (2.5) from Assump-
tion A4. In particular, if v is convex, then (2.6) is automatically satisfied for
any r > 0 and a = 1. See Appendix A for the proof of this lemma.

3 Example: Logistic Regression

In this section, we consider a posterior arising from logistic regression with
Gaussian design. We describe the setting in Section 3.1. In Section 3.2, we verify
Assumptions A1-A5, deriving high probability upper bounds on the constants
c3, ¢4, ¢5. This leads to overall error bounds on the mean error, covariance error,
and TV distance of the Laplace approximation. In Section 3.3 we show these
bounds are tight in their dimension dependence: namely, we show the leading
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order terms of the TV and mean asymptotics are bounded above and below by

d//n.

3.1 Setting

We observe n pairs (X;,Y;), ¢ = 1,...,n, where X; € RY are features and
Y; € {0,1} are corresponding labels, distributed according to

X YN0, 1), Y| Xi ~ Bernoulli(s(57 X,)).

Here, s is the sigmoid s(t) = (1 +e~*)~! and f is the ground truth parameter.
For simplicity we take 8 = (1,0,...,0).

We let b € R? denote a generic parameter indexing the distributions
Y |  ~ Bernoulli(s(b”x)). Assuming a flat prior, the posterior distribution of
b given the data is

n n

(b | (Xi, Yoioy) o [[p(Yi | Xisb) = [ s (07 X0)" (1 = s (0" Xi)' ™. (3.1)
i=1 =1

Note that 7 o< eV, where

V(b)=—) [Yilogs(b" X;) + (1 — Y;)log(1 — s(b” X;))] . (3.2)
i=1

The function V is convex, and it is well-known that if the data is not linearly
separable then there exists a strict global minimum

3 = in V(b).

f = arg min V(b)
This point B is both the MAP and the MLE, since the posterior coincides with
the likelihood. We record for future reference the second and third derivative
of V:

VAV (b) =Y 5 (0" X)X X

i=1

VAV () = 8" (b X)X,

i=1

3.2 Upper bounds on the approximation error

In this section, we verify Assumptions A1-A5 for the logistic regression set-
ting described above, and bound the constants cg, cs, ¢4, c5,7,q, @ with high
probability with respect to the randomness in the data. We then apply Theo-
rems V1, V2, V3 to obtain state of the art bounds on the Laplace approximation
error for logistic regression.
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To check Assumption A1, we need to show the MLE B is finite, and bounded,
with high probability. The works [Sur and Candeés, 2019, Candés and Sur, 2020,
Sur, 2019] study existence of the MLE for logistic regression in the high-dimensional
regime d/n — k € (0,1). Convergence of the MLE to the ground truth (and
therefore boundedness of the MLE) has also been studied for generalized linear
models [Spokoiny, 2017, Spokoiny, 2013, Spokoiny, 2012, He and Shao, 2000] and
exponential families [Portnoy, 1988] in limiting regimes in which d/n — 0.

For convenience to the reader, we provide our own proof that the MLE is
bounded with high probability, which is tailored to our specific setting. However,
the proof method is inspired by Theorem 3.4 of [Spokoiny, 2017], and uses in a
crucial way Lemma 7 of Chapter 3 of [Sur, 2019]. The following lemma proves
boundedness of the MLE and at the same time, provides a lower bound on the
eigenvalues of H, = V2v(j).

Lemma 3.1. There exist absolute constants 0 < Ag < 1 and 0 < Ay, Ay such
that if d/m < Ay then

P (||B =Bl <1, Amin(Hy) > A2) >1—e 4?2 _5e~Mn,

See Appendix F for the proof. This verifies Assumption Al (with high prob-
ability). Now, as mentioned in Remark 2.2, we can find the required constants
c3, ¢4, c5 by bounding ratios of the form HV’“U(B + tu)]|/ Amin (Hy)*/2. We have
already lower bounded Anin(Hy), so it remains to upper bound the operator
norms of V*v for k = 3,4,5. We also bound the matrix norm of V?v for use in
a later lemma.

Lemma 3.2. Suppose d < n < eVe,  Then there exist absolute constants
By, By > 0 such that for k =2,3,4,5, we have

dk/2
sup [[V*u(B)|| < By (1 + ) (3.4)
beRd n

with probability at least 1 — 2 exp(—Bi1vnd/log(2n/d)).

See Appendix F for the proof, which relies on a result of [Adamczak et al., 2010]
bounding quantities of the form sup,j— L5 1 XFul* with high probability.
Combining the last two lemmas with the inequality (2.9), we have the following
corollary.

Corollary 3.1. Assume d/n < Agy from Lemma 3.1, and let ¢ = 0. Then
there exist absolute constants Cy,C71 > 0 such that with probability at least
1 —7exp(—Civnd/log(2n/d)) — e~%2, Assumptions A2, A3, and A5 hold with
constants ¢y, < Co(1+d*/?/n), k = 3,4,5.

This corollary shows that if d?/n is bounded by an absolute constant, then
so are ¢z and ¢4, but that ¢5 scales as v/d. Fortuitously, however, ¢5 appears in
our main theorems only through csd=1/2 (recall (2.20)).

It remains to find 7, ¢y, « such that Assumption A4 is satisfied. Since c3 and
¢4 are bounded, we can take r > 0 small enough but bounded from below by an
absolute constant, to satisfy (2.4). Next, we find ¢g and «.
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Lemma 3.3. Assume d/n < Ag from Lemma 3.1. Let c3,cq4 be from the above
corollary, and find r > C such that (2.4) is satisfied. Then there exist absolute
constants Cy, C1 > 0 such that

P(vm T+ o)=v(B) > Colle/rllm, Vil > )

> 1 — Texp(—C1Vnd/log(2n/d)) — e~ /2,

(3.5)

In other words, with high probability, Assumption Aj is satisfied with « = 1 and
Co — CO.

See Appendix F for the proof. Having checked all the assumptions and
bounded the constants appearing in them, we are nearly ready to apply Theo-
rems V1-V3 to logistic regression. But first we bound the constant K appearing
in these theorems, defined in (2.11). If d?/n is bounded above by an absolute
constant, then cs, cy are bounded from above, and ¢y is bounded from below,
by absolute constants. It follows that B is exponentially small in n, and hence
K is bounded above by an absolute constant.

Corollary 3.2. Consider the logistic regression setting described in Section 3.1.
If d?/n is small enough, then there exist absolute constants C,Cy,Cy,C3 > 0
such that the following bounds on the TV error, mean error, and covariance
error hold with probability at least 1 — Cy exp(—Cov/nd/log(2n/d)) — Cze=%2:

vV (7r, N (B,V2V(B)—1)) < C\%
vii[B ] Xyl - A < o (3.0

n[cov | (x: vy - vV < 0 (%)2

Moreover, let

n
L=-2> s"(3"X:) (X[ Hy' X)) Hy ' X
1=1

N | =

When the MAP (mode) 3 is adjusted by this skew correction term, the mean
error becomes

n Q T d ’
ville bl el - G+ b <o (2
Here, L = H‘;l/QL7 where L is defined in (2.18). We have used formula (3.3)
for V3V to derive the formula for L. This corollary follows immediately from
Theorems V1-V3, and the fact that cs, ¢4, csd~*/? < C and H,, = V?v(3) = Cly
with high probability.
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Figure 2: m oc e™V is the likelihood of logistic regression given n observations
in dimension d = 2. The slopes of the best-fit lines are —0.51 for the Laplace
approximation and —1.52 for the adjusted approximation.

Remark 3.1. [Kasprzak et al., 2022] also considers the Laplace approximation
error for logistic regression. Although the “universal” contribution to their error
bounds is d/+/n, which is the right scaling with d, the authors obtain dimension
dependent upper bounds on the v-dependent component of the error, e.g. on
their analogue of c3. This is because the authors bound the operator norm of
V30 as V30| S L300 |1 X612, which for Gaussian design will scale with d as
dv/d. Thus Corollary 3.2 yields the tightest known bounds, since we show the
error scales as d/\/n even when taking into account the v-dependent constants.

Figure 2 displays the n scaling of the mean error on a log-log plot in dimen-
sion d = 2. The blue curve shows the error HH‘l,/Z(m7r — )| of the standard
Laplace mean approximation as a function of n, while the red curve shows the
error ||H‘1/ >(my — 1 — L)|| of the skew-adjusted Laplace mean approximation.
The slope of the best-fit lines to these two curves are —0.51 and —1.52, respec-
tively, as predicted by Corollary 3.2.

See also Figure 1, which displays the contour plots of the densities p,, := Ty
for n = 15 and n = 50, in d = 2. Here, 7 is the logistic regression posterior
from (3.1), and the rescaling map T'(z) = H‘l/2 (z — ) shifts the mode to zero,
marked by a white X. The red X is the (rescaled) mean, and underneath the
red X is a black X marking the location of the skew correction term L.

3.3 Dimension scaling of leading order terms L

We now show that the leading order terms L in the TV and mean error ex-
pansions (see (2.13) and (2.18)) are bounded from below by d/+/n. This shows
that d> < n is necessary for the Laplace approximation to be accurate. We
will show this numerically for the random, n-sample posterior 7 oc e~V and
rigorously for a measure m o e~ V> inspired by the population log likelihood.
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We start with this second example: let
Vo (b) = nE x y[Ylog s(XTb) + (1 — V) log(1 — s(XTb))].

Then V,, = E x[Va(b)], where

Voo (b) = Ex [V(0) | {X:}La] =D E[Y: | Xi]log (b X)) 57)

+ (1 -E[Y; | Xi])log(1 — s(b" X))

is the population log likelihood. Note that the logistic regression model treats
the X; as fixed, so V is the population log likelihood for each set of {X;}I ;,
while V., is the expectation of V, over the Xj.

Since the ground truth b = # minimizes the population log likelihood V. for
each fixed {X;}™ ,, it follows that j3 is also the minimizer of V.. Furthermore,
we compute

Vo (8) = nE [s*~D (X)) X®*], k=2,3. (3.8)
(Recall that 8 = (1,0,...,0).) In Appendix F, we prove the following lemmas.

Lemma 3.4 (Leading order TV). Let L be as in (2.13) for V = V., and define
arp = E[s®)(X1)XT], where X1 ~ N(0,1). Then

2 2
o (bl 2e)
a'y\/n ai,o a2

Lemma 3.5 (Leading order mean error). Let L be as in (2.18) for V = V.,
and let ayp, be as in Lemma 5.4. Then

1 a1 23
I = o (@ -2 4 222).
2ay'5 /1 aio 12

We conclude that the leading order terms L are bounded from below by d/+/n
for the distribution 7 oc e=V>=. We now show numerically the same property of
the n-sample random posterior for logistic regression: namely, that the leading
order terms L do not go to zero if d//n remains bounded from below. We take
an increasing sequence of dimensions d, and let n be either n = 2d* (lefthand
plot of Figure 3) or n = d? (righthand plot). In the former regime, we see
that L remains bounded below as d increases, while in the latter regime, L goes
to zero. In both plots, the solid lines represent the average over 20 n-sample
posteriors, and the shaded region depicts the 25%-75% quantile.

4 Proof overview

In this section, we first apply a scale-removing change of variables to V, and
restate Theorems V1-V4 in terms of the new function W. In Section 4.3, we
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n = 2d’ : size of leading order term L n = d*’ : size of leading order term L

—=— L from TV —=— [ from TV
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—=— ||L|| from mean error —=— ||L|| from mean error
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Figure 3: The size of the leading order term L from the TV asymptotics (2.13)-
(2.14) and the mean error asymptotics (2.18)-(2.19) for the logistic regression
posterior m oc e~V with V given by (3.2). In the lefthand plot, we take n = 2d?
for an increasing sequence of dimensions d. We see that L does not go to zero
with d, which confirms that d?/n — 0 is necessary for an accurate Laplace
approximation. In the righthand plot we take n = d>®. The plot (on a log-log
scale) shows that the leading order term goes to zero in this regime, as predicted
by our upper bounds in Corollary 3.2.

state our general asymptotic expansion and go over the main features of the
proof. Section 4.4 then finishes the proof of Theorems V1-V4 using the general
result from Section 4.3. Finally, Section 4.5 goes over the proof of the main
lemma which shows why d//n, rather than dv/d/\/n, is the fundamental unit
of error. We also review the key ingredient in the proof of [Kasprzak et al., 2022]
which allows the authors to obtain the rate d//n.

4.1 Simplifying Coordinate Transformation

We begin by rewriting the quantities from Theorems V1-V4 in terms of a func-
tion W obtained from V' by changing variables. Namely, let 4 = N (1, Hy, ') be
the Laplace approximation to 7 o« e~", and define the linear map 7" : R? — R¢
by T(z) = Hy/?(x — ). Then we let

p=Tyrxe ™V, ~=TuH=N(0,1,),
where
W (x) = V(i + H, " *z) = no(m + H, Y2z /y/n). (4.1)

Note that W is minimized at zero, with Hessian V2W (0) = I, so that v =
N(0,1;) is the Laplace approximation to p. In other words, the Laplace ap-
proximation is affine invariant in the following sense: if 4, is defined to be the
Laplace approximation to p, then we have seen that 97, . = T%%, for all affine
maps T

Lemma 4.1. Let W be given by (4.1) and p < e="'. Then
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. TV (m, N (i, Hy')) = TV (p, N(0,14)), and the leading order term L
from Theorem V1 can be expressed in terms of W as follows:

1
L=1E (VAW (0), %] (4.2)
Therefore, Theorem V1 is equivalent to

TV (p, N(0,14)) = L + R,

d d\’

. We have H‘l/Q(m7T — 1) = m,, and the leading order term L from Theo-
rem V2 can be expressed in terms of W as follows:

(W1)

1
L= —§<VSW(0),LI>. (4.3)
Therefore, Theorem V2 is equivalent to showing
m, =L+ R,
d d\?
< a—— < &2 _
Ll S et IRIS K@ +e (7)) we)
A5 d\> d\*
17 S Keaer + o+ est ) () + (e )

The last line is the bound on |R|| that holds under Assumption A5 in
addition to Assumptions A1-A/.

. We have ||H‘1/2(E,r —H;I)H‘l/2|| = ||X, — I4||. Therefore, Theorem V3 is
equivalent to showing

PN
19, 1l S K(ea+ ) () -+ lmlP (W3)

. Let h = foT™'. Then |f(zx) — f(m)| < Ctllz —ml|Yy, if and only if
[h(z) — h(0)] < CyllallP. Also, 7(f) = p(h), 3(f) = A(h), and the leading
order term L(f) from (2.23) can be expressed in terms of W and h as
follows:

L(f) = L(h) = & [W(Z)(V* W (0), 7°%)] . (4.4

Furthermore, ||f|lz»5) = ||h|lp. Therefore, Theorem V is equivalent to
showing that if |h(z) — h(0)| < Ch||z||” then

/hdpz /hd7+i(h)+R(h),
d

IL(h)| < callh = (W)l 7=, (W4)

2
R(B)| S Ko (Co V [Ih— () 1) (& + ) (jﬁ) .
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See Appendix B.1 for the proof. This lemma shows that comparing 7 to
4 in the sense of Theorems V1-V4 is equivalent to comparing p x e~V to
v x e~ ll=l?/ 2. the standard normal distribution. The next lemma shows that
W’s derivatives of order higher than two are small, implying that W(x) =
|lz||?/2 + const. and hence p ~ 7.

Lemma 4.2. Let W be given by (4.1), and suppose v satisfies Assumptions A1-
A4 with constants co,cs,ca,,q,7. Then W € C* and has unique global mini-
mizer x = 0, with V2W (0) = I4. Furthermore, we have

€3

VWO < %, (45)
VW @) <% V| <4V, (4.6)

4 u u®4 C—4max L ! uj| =
(@, < Dmox (12 ) LVl =120, @)
W(z) —W(0) > nco ||—=|| , V|z| >rvn. (4.8)

If v satisfies Assumption A5, then we also have

q
5 @5y <« B 1L —1.¢+>0. 4.
(VOW (), >|_nﬁmax(,ﬂ D Vlul=Lt>0.  (49)

See Appendix B.1 for the proof. We record one more property: namely, the
condition (2.4) relating cs, ¢4, 7 ensures that W is lower bounded by a quadratic
in an O(y/n) ball around the origin.

Lemma 4.3. If v satisfies Assumptions A1-A/, then W satisfies

T 2
Wia) - wo) 2 PE - yja) <y

See Appendix B.1 for the proof. In preparation to bound the TV distance
and observable expectation errors between p and 7, we define a function r such
that dp oc e "dy. Namely, we let r(x) = W (z) — ||z||*/2 + const., where the
constant is chosen so that v(r) = 0. We will write r in a more enlightening form
by considering the Taylor expansion of W:

W) = W) + 5lel? + 5 (TPW(0),65) +rae), (410

for a remainder ry.

Definition 4.1. Let
1
r(z) = §<V3W(O),x®3> +ra(x) — v(ry), (4.11)

where 74 is the remainder in the Taylor expansion (4.10) of W. Then r satisfies
~v(r) =0 and dp xx e~ "d~.
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4.2 TV upper bound: [Kasprzak et al., 2022] proof outline

The main insight behind our bounds on the leading order TV error and remain-
der is that the straightforward operator norm inequality |[(V3W(0),z®3)| <
[V2W (0)]||z]|® leads to the bound

E[(VPW(0), 29%)] < VW (0)**E [ Z]*%] Sk (cadVd/v/n)*",
but a more careful argument shows that
E[(VW(0), Z%%)**] Sk (esd/v/n)?.

(See more on this below, as well as the discussion following Theorem V1). How-
ever, if one is only interested in an upper bound on the TV error, then the
work [Kasprzak et al., 2022] shows we can avoid bounding E [(V3W (0), Z®3)2F]
in the first place. Since this work does not focus on dimension dependence,
it is enlightening to review the authors’ proof method from the perspective of
dimension.

We wish to bound TV(rm,4) = TV(p,7), where p = Tym o e~W is the
distribution obtained by removing the scale from 7, and 7 is the standard normal
distribution (the Laplace approximation to p). First, suppose p is strongly log-
concave. By Pinsker’s inequality and the log Sobolev inequality (LSI), we then
have

TV(p,7) < VKL(7 || ) SE4[[VIeg(v/p)lI”] = E[IVr(Z)IIP].  (4.12)

Here, < hides the constant of strong log-concavity, and r is the function from
Definition 4.1 satisfying dp o< e™"dvy. But now note that the leading order term
of Vr is

1,_.
Vr(z) ~ 5<V3W(0),a:®2>,
and therefore in a neighborhood of the origin we have
V@)l < IV2W )l (4.13)

Therefore, E [[|Vr(2)]1?] < |[VEW(0)[PE[|| Z]|*] < c2d?/n. The key point is that
applying an LSI allows us to bound the TV error in terms of the gradient of r,
whose leading order term is now a second order polynomial. In other words, we
brought the order of the polynomial in  down from 3 to 2. To get the right
dependence on d, one can now bound the Gaussian expectation of ||Vr|| using
the straightforward operator norm inequality (4.13).

This is the essence of the proof. Note that [Kasprzak et al., 2022] does not
actually assume p oc e~ is strongly log concave but rather applies an LSI
locally, in a neighborhood of zero. In this neighborhood, we have W(x) =~
W (0) + ||«]|?/2, so there is some absolute constant of strong log-concavity. One
must then also deal with tail integrals, since this whole argument holds only
locally.
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4.3 Asymptotics for an observable expectation

We have shown that comparing 7 to 4 is equivalent to comparing p o< e~ to

v oc e~ 1217/ and Lemma 4.2 already suggests that W (z) ~ W (0)+ ||z]|?/2 and
hence p =~ 7. In this section, we make this precise. Note that TV(p,v), |m,|,
and [|X, — I4| are all given by supfe}-ffdp — [ fdv for different classes F.
Therefore, we start by decomposing [ fdp — [ fdvy into leading and remainder
terms, for a polynomially bounded function f.

To state our preliminary decomposition of [ fdp— [ fd~, we introduce some
notation.

Definition 4.2. Let

k i
Li(f) :/QZ (_.1,> ridy,

=0 I (4.14)
Era(f) = /ge_"dv — Li(f)

(“L” for leading, “E” for error), where g = f if f is a constant function, and
g = f —~(f) otherwise. For example,

La(n = (=2 (1=r+ 5 )= [ ot (=r+ 5 ) an
Buf) = [ =t (7 —1er=F)ar= [ =2t (<5 - ) v

Ly(1) = /(1 —r)dy=1, FE»(1)= /(G*T —147)dy = .

With this notation, and using that dp o e~"d~y, we have for any m > 1 that

S =v(emdy  Ln(f) + Epmia(f)
/fdpf/fdfyf Terdy = Lm_1(1)+E+m(1)' (4.16)

As this formula suggests, we can write [ fdp— [ fdy as Ly, (f)/Lm—1(1) plus a
remainder. Indeed, a straightforward computation in Appendix B.2 shows that

[ 10 [ i I < B0 ]| 2

Now, from the formula (4.11) for r we see that r = o(1), since derivatives of W
of order higher than 2 are o(1). Therefore, the L,,’s and E,,’s are dominated by
the contribution from the lowest power of r. The lowest power of r contributing
to Li(f) is r* for all kK > 1 (note that the 7° term always drops out, as seen in
the first line of (4.15)), while the lowest power of r contributing to E(f), Ex(1)
is 7% (meaning the first power of r appearing in the tail of the Taylor expansion
of the exponential; see e.g. the second expression for F5(f) in (4.15)). Therefore

' (4.17)
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the second error term in (4.17) involving E,,(1)L,,(f) is on the same order as
the first error term F,,11, in terms of total powers of r. This explains why we
split the denominator of (4.16) as L,,—1 + E,, rather than L,, + E,,11.

To be a bit more precise, we will essentially show that the righthand side
of (4.17) is dominated by |r||5:+',. The following key lemma shows that

|7||2m+2 ~ d/+/n. This is the reason why d//n, rather than dv/d/y/n, is the

fundamental unit of error.

Lemma 4.4. We have

E [(V*W(0),2%%)""] S (dIV*W(0)])*" < (c3dn>2m, (4.18)

E [(7"4(2) —7(7"4))2’”] Sm <C4d2>2m, (4.19)

and therefore

7 ll2m Sm €ad//n.

Since this lemma is central, we outline its proof in Section 4.5 below. Using
the key lemma 4.4 as well as a few additional technical results, we obtain the
following bound on the remainder in (4.17), which holds for any polynomially
bounded f.

Proposition 4.1. Let |f(z) — f(0)] < Cy|lz||P and € = d/\/n, and define
Kpmi1 = e @D%(1 4+ By, 1), where
Bymsr = exp (p+ (m +1)(g +4) + d) log(rv/eV/) — ney)
Then
[ 0= [ far = 1) S5 K (€5 11 2Dl @),

(4.20)
‘ [ tdo~ [ s~ Lz(f)‘ Sp K (Cr VILF = 1(D)le) (0)° (14 256)

If m > 3, then there exists a constant C(m) < 1 such that if cse < C(m) then

_ _ L"l(f) ‘
‘/fdp /fd7 Lp—1(1) (4.21)
Spom Kpmi1 (Cr VLF = 7(F)]l) (€)™

When m > 3, the denominator L,,_1(1) no longer equals one exactly, and
we show in Lemma B.3 that |L,,—1(1) — 1| <, é3e + (¢ze)™ 1. This upper
bound must be small enough to ensure that L,,—1(1) > 0, explaining why there
is a smallness condition on ¢éze when m > 3.

Proposition 4.1 is of independent interest, since it can be used to approx-
imate expectations under p by expectations under the standard normal, for
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arbitrary polynomially bounded f. Of course, there remains the difficulty of
writing L, (f)/Lm-1(1) in a tractable way. The idea is to Taylor expand r
to sufficiently high order, so that L,,(f)/Lm—1(1) is given by a ratio of the
form [ fqmdy/ [ gmdy plus a negligible remainder, where ¢, is a polynomial
whose coefficients are functions of the derivatives of W at the origin (recall that
r=W —|-||*/2 + const. so 7 and W have the same derivatives at the origin).

For small values of m, this is relatively straightforward. For example, when
m =1 we have Ly(f) = — [ frdv, using that [ rdy = 0. The above proposition
then gives a bound on the deviation | [ fdp— [ fdv+ [(f —~(f))rdy|. Now we
substitute r = & (V3W(0),2%%)+ (ra—v(r4)) and treat [(f—v(f))(ra—y(ra))dy
as a remainder term. Using the bound on |r4|2 provided in Lemma 4.4, we
immediately obtain the following corollary of Proposition 4.1:

Corollary 4.1. Let |f(z) — f(0)| < C¢||z||?, and

L) =5 [ @@ W(0).5%)dr (@) (1.22)

Then
2

[0 [ gar- 10| S Koa (€5 1 2D G e 429

Although we have called L1 (f) a “leading order” term, we note that L(f) is
itself the leading order contribution to Li(f) = — [ frdy, which is obtained by
dropping r4 — y(r4) from r.

In Section 4.4, we apply this corollary to get the leading order asymptotics
of the TV error, mean error, and covariance. For the mean, we will also apply
Proposition 4.1 with m = 2 to get a stronger result. Similarly, one can apply
Corollary 4.1 with m = 1 for all 1-Lipschitz f to derive the leading order term
of the Wasserstein-1 distance. Note that the bound depends on | f — v(f)|l4
rather than on | f||4. This is important since Lipshitz functions of a standard
normal are sub-Gaussian when centered on their mean.

We end this section by giving a few details about the proof of Proposition 4.1.
We start with the upper bound (4.17), and use the following preliminary de-
composition of the error Fj.

Lemma 4.5. Let U = {||z| < 4v/d}. Then

B(f) < 2llglla (1 + lle™ xulla) 1713 +/u lgllr|“e™"dy, (4.24)

where g = f if [ is constant, and g = f — y(f) otherwise.

See Appendix B.2 for the proof of this decomposition. The main contribu-
tion to this upper bound is the first summand, while the second is exponentially
small. Lemma 4.4 gives us the (¢3d/y/n)* scaling of the first term, but we also
need to show |le”"xy|l4 is an O(1) correction. Recall again formula (4.11) for
r. On {||z| < 4v/d}, the function r is dominated by the cubic (V3W(0), 2®3),
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which can reach values up to dv/d/y/n. This seems like an obstacle to bound-
ing |le”"xu|la. However, one can show that Vr is L-Lipschitz, with a Lipschitz
constant L ~ d/+/n, in this region. Therefore, we can apply Herbst’s argument
on the exponential integrability of Lipschitz functions with respect to the Gaus-
sian (or any measure satisfying a log Sobolev inequality). See Lemma B.2 in
Appendix B.2 for more details.

See Appendix B.2 for the full proof of Proposition 4.1, in which we up-
per bound Ej, using (4.24), and we also upper bound L,,(f) and lower bound
Ly—1(1).

4.4 Finishing the proof of Theorem V1, V2, V3, V4

Recall that it is equivalent to prove (W1), (W2), (W3), (W4). First, we use
Corollary 4.1 with all ||f|lcc < 1/2 (so that p = 0, Cy = 1), to get the TV
asymptotics for p. We have

|R| = ‘TV(/W) E (VW (0), Z®3>|’
1
TP dp — dy|— = su E VAW (0), 223
Iz (/f g /f W) 6|\f\|oo<pl/2 @ W ) ﬂ‘
Su - - 3 ®3
= By /fdp /fd’y E [f(2)(V°W(0), 2 >]‘

< Ko2(a3 + 04)
(4.25)
To finish the proof of (W1), it remains to bound |L| = E [(VPW(0), Z93)|.

The fact that |L| < esd/+/n is shown in Corollary D.1; see also Section 4.5 for
a discussion of this result.

Next we turn to the proof of (W2). We apply Corollary 4.1 with functions

fu(z) = uTz, with ||ul| = 1 (so that p = 1, Cy = 1). First we compute the
leading order term L(f,) defined in (4.22). We have

Lif) =~ [ e (VW (0).5%)dr(@) = ~5u” [(FW(0).a%)dr(z)

= 5" (VPW(0), I) = " L.
(4.26)

Here, L is as in (4.3), and we used Gaussian integration by parts to get the
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second equality. It follows by Corollary 4.1 that

IRl = llmy = Ll = sup [u"m, —u"L|
TP / uzdp(x) - / u'wdy(w) = L(fu) (4.27)
ul|=1

d2
S K12 + ),
noting that || fulls = E[(u”Z)**/* < 2 for all |jul| = 1. This proves the first
bound on R stated in (W2). To prove the second bound, we use Proposition 4.1
with m = 2. We show that the leading order contribution to La(f,) is L(fu)
itself. Hence, the leading order term does not change, and the remainder turns
out to be an order of magnitude smaller. See Appendix B.3 for this proof of the
second bound on R. The upper bound on || L] stated in (W2) follows from (1.10)
and the fact that |[V3W(0)| < ¢3/y/n by Lemma 4.2.

To prove (W3), we apply Corollary 4.1 with functions f,(z) = (uT2)?,
for |lu|| = 1 (so that p = 2, Cy = 1). First we note that L(f,) = 0 since
(uT2)2(V3W(0),2%3) is an odd order polynomial. Thus we have

1l =%, = Lall < sup u'E xp[XXT — LaJu + [[m,|?

= sup
[lul=1

/ (uT)2dp(z) / (W (x) — L(f)| + Impl? (4.28)

~ d?
S Koo(65 + C4)g + [lm, |17,

noting that || f,|ls = E[(u”2)%]Y/* < 4 for all ||ul| = 1.

Finally, note that Corollary 4.1 nearly finishes the proof of (W4), and it
remains only to bound L(f). This bound follows from Cauchy-Schwarz and
Corollary D.1.

4.5 Proof of Key Lemma 4.4

We start by discussing the bound (4.19) on E [(14(Z) — v(r4))?™]. Recall that
r4 is the fourth order remainder in the Taylor expansion (4.10) of W. By the
Taylor remainder theorem, r4 can be written as

1
T4l
for some t € [0, 1] depending on z. Recall from Lemma 4.2 that V4W scales as
1/n, so Cauchy-Schwarz essentially gives that

Ellra(2)FP) S (1/n)PEIZ]I*] <p (42 /)P,

rq(x) (VAW (tx), 2®)

since E[|| Z||¥] ~ d*/2. Therefore, it is completely straightforward to show that
|74ll, < d?/n. Lemma C.1 provides the rigorous proof, showing that

||7‘4||2m ,S’"L C4d2/n’ (429)
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and hence E [(r4(Z)—v(r4))?™] Som (cad?/n)?™. Next, we turn to the bound (4.18)

~

onE [(VAW(0), Z®3)?™]. We wish to show this scales as (d//n)?™. Recall that
[V3W (0)|| < ¢3/+/n, so a straightforward bound would give

E [(V*W(0), 2%%)*™] < (e3/vn)*E [ Z]|°™] S (esdVd/v/n)*™

rather than the desired bound (d/,/n)*™. To get the right scaling with d, we
first show that it is sufficient to prove E [(V3W(0), H3(Z))*™] < (d/v/n)*™,
where H3(Z) is the tensor of third order Hermite polynomials of Z. To prove
this modified result, we first compute the base case 2m = 2 explicitly. Namely,
we show that

E [(V3W/(0), Hs(2))?] = 3I[V*W(0)|[3 < 31 V*W ()2 < Bles(d/ V).
(4.30)
which is the right dependence on d for the case 2m = 2. We then use hy-
percontractivity of the Ornstein-Uhlenbeck semigroup, for which the Hermite
polynomials are eigenfunctions, to relate the 2m norm to the 2 norm:

E [(VPW(0), Ha(2))*"] S E (VW (0), Hy(2))°]" Som (csd/ /)™,
The final result, shown in Corollary D.1, is that
E [<v3W(0),Z®3>2’"] o (e3d/v/m)?m. (4.31)

See Section D leading up to this corollary for the full proof. This finishes the
proof of Lemma 4.4.

A Proof of Lemma 2.1

Proof of Lemma 2.1. Using that c3d//n < 1, c4d?/n < 1, r = logn+/d/n, and
logn < Vd, we get

degr + eqr? < 4%(logn\/d/n) + %(log ny/d/n)?
logn log2 n

Ja | d

verifying (2.4). Since (2.6) holds with this choice of r, it follows that Assump-
tion A4 is satisfied. Now, by Lemma 4.3, we have that

(A1)
=4

< 6,

W < (g = w(0) = moti + By /2y /) = o). Vil < i/

Let x = Hv_l/2y/\/ﬁ. Then ||y|| = v/n||z| m,, so in terms of z this inequality
takes the form

n ~ ~
2zl < noli+ o) —no(i), Ve, <7
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Hence

r2 2 Zn

" (d/n) = 1°g4 d.

neg := inf  no(m+ ) — no(m) > e
Nz, =r 4

But then, using that p + (4 + ¢)¢ + d < Cd, we have

log Bye = (p+ (4 + q)¢ + d) (log(rv/n) + Ofl) — nco

l 2
< Cd(log(Vdlogn) +a~1) — °g4 "4 (A2)

C log?
= (Cloglogn+ §logd+C’0f1 — og4n> d <0,

so By ¢ < 1. To get the final inequality we used (2.26). O

B Proofs from Section 4

B.1 Proofs from Section 4.1 relating V to W

For the proof of Lemma 4.1, we use the following identity.

Lemma B.1. Let W(z) = V(Ax +b) for a symmetric matriz A. Then
(V3W(0), I;) = A(V3V (D), A?). (B.1)

Proof. Let A; denote the jth column of A. Then

V3W ).ej Qe Re;)

M@“

(VEW(0), L) = (VW (0), I ® e;) =

j=1

d
=Y (VV(b), A; @ 4; @ A;) (B.2)
j=1

= (V3V(b), A2 ® A;) = AT(V3V (D), A?)

= (AT(VPV(b), A%)); = (A(V?V(b), A%));.

To get the third line we noted that Z?Zl A; ® A; = AAT = A% We have
shown that the ith coordinate of (V3W(0),I,) equals the ith coordinate of
A(V3V (b), A%), so (VEW(0), I4) = A(V3V (D), A?). O

Proof of Lemma /.1. The fact that the TV distances are equal follows from the
data processing inequality and the fact that T is a bijection. The formula (4.2)
for L in terms of W is immediate using the relationship between V' and W. To
prove point 2, note that T' is linear, so m, = T(m,) = H‘l//Q(m,T —m). The
formula (4.3) for L in terms of W follows from Lemma B.1 with A = H,, 172 and

b = m. Point 3 follows from the fact that X, = H‘l/ 2E7TH‘1/ . Finally, point 4
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follows using the definition of the Hy weighted norms and standard change of

variables.
O

Proof of Lemma /4.2. We first relate tensor norms and inner products involving
W to the corresponding quantities for v. In the next two equations, let y(z) =

Hy %2/ /n, so that [ly(z)||s, = |l||/v/n. First, we have

IV*W ()]l = HSIH1£1<V’“W(:E)7U®’“>

= sup (oG4 5 VR, (Pl

flull=1

=n'"F/2 sup <Vkv(ﬁ1—|—y(x)), H;1/2u®k> (B.3)
[lul=1

=n!7F/2  sup (VEu(im + y(z)), w®)

ool zr, =1
= 0! 2|V (i + y(@) |,

where the last line follows by (G.1) below (using the fact that V*uv(rn + y(x))
is a symmetric tensor). Second,

(VW (tu), u™) = (n*o(ii+ H Y20/, (H;2u)v/m) )
= 0 (VFo(i + ty(u)), y(u)®*)

Using (B.3), the relationship between ||z| and ||y(x)| m,, and Assumption A2,
we see that | V3W(0)|| = n=2| V30 ()| g, < c3/v/n, and

s [VIW(@)=nt swp [ViuGn+y)] < eafn.
lzll<avd lyllz, <44/d/n

(B.4)

This proves (4.5) and (4.6). Now, fix ||u]| = 1, so that ||vny(u)||lg, = 1.
Using (B.4) and Assumption A3, we then have

(VW (), u®t) = 0 (V00 + ty(w)), y(u)®)

_ Y (e L ®4
=2 (9t (s v ) W) g
Cyq t 1
< “ 1, —
A
proving (4.7). Next, fix ||z|| > r/n, so that |ly(z)||g, = r. Then by Assump-
tion A4, we have

W (x) = W(0) = nv(i + H, *z/y/n) — no(ih)
= nv(m + y(x)) — nv(m) > nelly(z)/r|
= neollz/(rv/n)||*

This proves (4.8). Finally, (4.9) follows from Assumption A5 analogously to
how (4.7) follows from Assumption A3. O

o, (B.6)
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Proof of Lemma 4.3. Recall from Assumption A4 that r < 1. Fix ||z]| < r/n <
v/n and write z = ||z|lu for some ||u|| = 1. Then for some ¢ € [0, ||z||] C [0, /7]
we have by Taylor’s theorem
HJJH2

2
lz)* C3||93||3 ~calz]l?

2 6v/n 24n

_ l=l? () esllzll callz]
2 3vn 120 )

using that |[V*W(0) < c3/y/n by (4.5), and supj, < m (VW (tu), u®) < cs/n
for all ||u|| = 1, which follows by (4.7). Upper bounding ||z| by rv/n, we get
the further lower bound

W) = W(0) = 155 4 S (VPI(0),25%) + o (VAW (), (alju) )

>

||| c3r 041"
Wy -wio) > 25 (190G s e, ()
using (2.4) to get the last inequality. O

B.2 Proof of Proposition 4.1

The proof of Proposition 4.1 will follow from the lemmas stated in Section 4.3
and a number of additional lemmas proved here.

Proof of (4.17). We compute

(f) | _|Lm(f) + Brmsr(f)  Lulf)
[ sao= [ sir- 52 )%L (M 7>me‘
_ Er1(f)Lm ( ) — Lin(f) m(l)‘
(Lm—1(1) + Em (1)) Lym 1 (1)
| Ensr () a 1) ~ Mﬁmm‘Qw
- Lm—l(l)
<|Em+mfn+wEman';:f{LL
where in the third line we used that L,,_1(1)+ E,, (1) = [ e "dy > ef i =1,
since [rdy =0. D

Proof of Lemma 4.5. The Taylor remainder of e™" of order k is given by

k—1

k
. S r
e’ — E (=17 /51| = Hef

j=0
for some ¢ between 0 and —r. But then e¢ < 1+¢e7", so that

k—1

e — | SD(=1iri i || < [rfF + et

Jj=0
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Now, we have

k—1

|Ex(f)] = ’/9(6_7'— (ZO(—l)jrj/j!)>d7’ S/|g||r|’“d7+/|g\|r|ke"“d7

jf
=/Ig|r’“dv+/IQIT’“(e‘TxM)dwr/ lgl|F[Fe~"dy
Z/{C
< lgll2lIll5% + lgllallrll5elle " xeella + [ gllr[*e™"d
= (19112117 |12k gllaliTllzxlle  Xull4 M.gre 2

< lollalr 1+ e xadle) + [ lalirte .
(B.10)

To get the second to last line, we applied Cauchy-Schwarz to [ lg|r2dy and
generalized Holder to [ |g||r|*(e™"xu)dy with powers 4,2,4 to the factors |g|,
r|¥, and e " xy, respectively.

k and e”" tivel O

Next, we bound |le™"xy||4-
Lemma B.2. Let € = d/\/n. Then |le™"xylls < eA(@%s¢,

Proof. We first bound ||Vr(z)|| for z € U = {||z|| < 4v/d}. To do so, we Taylor
expand Vr:
Vr(z) = V(W(z)— [|z[]?/2) = VW (z) — VIV (0) — =
= VW (x) — VIW(0) — (V2W(0), z) (B.11)

1 1
= 5<V3W(0),x®2> + 6<V4W(zsgc),x®3>,
for some t € [0, 1]. Therefore,

1 1
sup ||[Vr(z)| < 516dHV3W(0)H + 664(1\/& sup ||VAW (z)]|
lzll<4vd llz||<4v/d (B.12)

<%, jpcadvd
NG

< 12(cze + c4€?) = 12¢3¢ =: L
n

To get the third inequality we used point 1 of Lemma 4.2. Hence, —4r is 4L-
Lipschitz in U. Let 7,4 be the Gaussian measure restricted to /. Using Herbst’s
argument on the exponential integrability of Lipschitz functions with respect to
a measure satisfying a log Sobolev inequality (for v, with constant 1) we have

1/4 1/4
([ i) < (ferra)" (o)
u
= exp (—/rd’yu +2L2) < exp </ |r|dy + 2L2> ,
Z/{C
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using that [rdy =0 on R?. See Proposition 5.4.1 of [Bakry et al., 2014] for a
reference on Herbst’s argument. Now, using Lemma C.2, we have on the set U
the following upper bound:

()| Sq aell*T. (B.14)

Hence

[ i g eack 12170120 2 V)] Sy e (B9
and

/ |7|dy 4 2L Sq C3€,
recalling that L = 12¢ze. Therefore,
lle™ " xulla < exp (A(q)cse)

for some constant A(q), as desired. O

Using the above bounds, the key Lemma 4.4 bounding |||, and the tail
bound in Lemma E.1 below, we get the following further upper bound on Ex(f).

Corollary B.1. Suppose |f(x) — f(0)] < Crllz||”. Then
1Bk ()] Spa Kpi(Cr V llglla) (@s€)", (B.16)

where as usual the meaning of Ex(f) and g depends on whether or not f is
constant.

Proof. First, note that if | f(z) — f(0)] < Cyllz||P, then |y(f — f(0))] <, Cpd?/2,
and therefore on {|lzl| > 4Vd}, we have |g(z)| = |f(z) = v(/)] Sp Cll|l”.
Alternatively, if f is a constant, then g = f = C} satisfies |g| < Cy||z|? with
p = 0. Substituting this inequality, as well as the bound from Lemma B.2
into (4.24), we get

[Ex ()] Sp 6A(Q)E3EIIQII4H7‘||§+Cf/u‘ [P lr*e™" dy

Sk X0 gLy (E6) + O K (@ae)* (B.17)
S K k(Cy Vllglla) (Es6)",
as desired. We used Lemma 4.4 and Lemma E.1 to get the second line. O
Next, we bound |L,,(f)] and |L,—1(1) — 1].
Lemma B.3. We have Lo(1) = L1(1) =1 and
(£ S 1 = 2 Dlalese + (ese)™), B

|Lm (1) — 1] S C3€ + (C3€)™

35



Proof. Lo(1) = 1 by definition, Li(1) = [(1 — r)dy = 1 since [rdy = 0, and

Li(f) = = [(f =v(f))rdy, so [Li(H)] < (If =v(Dll2lrll2 < [1f =v(f)ll2(ese) by
Lemma 4.4. Next take m > 2. Note that

L(f) = / (f =)A=+ )y = / (f —A(D)(—r + )i,

i.e. the term with r° goes away. Hence

[ 1=
LA < [ 1f =Dy
k=1 ’
i U B.19
<N =Dl D2 Il S 1F = (D12 D (Es0)* (019
k=1 k=1
S 1f =~(f)ll2(ese + (e3e)™)

Similarly, note that L,,(1) —1 = [(—r + ...)dv, and hence

[ Ir*
[Lin(1) = 1] < Z FdW

k=1

m o (B.20)
<3 Il S D (50"

k=1 k=1

Sm 536 + (Egﬁ)m.

Using the above lemmas, we can now prove Proposition 4.1.

Proof of Proposition 4.1. Using (4.17), Corollary B.1, and Lemma B.3, we have

= [r-22

Smp Kpm+1(Cr VI = 4(la) (@)™ + Kpm (@36)™ | f = v(f)l2

1+ (Egﬁ)m_l
lﬁn—l(l) )

(cz€) + (cze)™
L,,—1(1)

Ky (C1 VI = A(F)lla) (@)™ (1 n

Smp

(B.21)

Now we distinguish between three cases: m =1, m =2, m > 3. If m = 1 then
the expression in parentheses equals 2, an absolute constant, and we are done.
If m = 2 then L,,—1(1) = 1 and the expression in parentheses is bounded by
1 + ¢ze. Finally, consider m > 3 and suppose ¢ze < 1. Then by Lemma B.3 we
have [Lpy—1(1) — 1| S, E36, so if ése < C(m) for a small enough constant C(m),
then L,,—1 > 1/2, and hence the expression in parentheses is bounded by an
absolute constant. O
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B.3 Proofs from Section 4.4
Proof of second bound on R from (W2). Let f,(x) = u”x, and recall the nota-
tion Ly(f) from Section 4.3. We have

Ly(fu) = —E[uT Zr(2)] + %E [l Zr(Z)?).

We will use the following two representations of r(x), which stem from Taylor
expanding W either to third or fourth order, and recalling that r is defined to
have expectation zero:

(B.22)

where

1 1
TR TR
for some ¢ € [0, 1], and the second representation in (B.22) holds under Assump-
tion A5. Thus

Ly(fu) = = E[u" Z (p3(Z) + pa(Z) = v(pa) + 15(Z) — 7(r5))]
+ 3E [u" Z(ps(2) + 7(Z) ~ 2(r))’]
=u''L —E[u’ Zrs(2)]

+E [u Zp3(Z)(ra(Z) — »(r4))] + %E [u" Z(ra(2) = ~(r4))*] -
(B.23)

Pi() (VEW(0),k%%), () (VAW (tw), 2®"),

We used the second representation of 7 to write —E [uT Zr(Z)] in the first line
of (B.23), and the first representation of r to write 3E [u” Zr(Z)?] in the second
line of (B.23). In the third line of (B.23), we used that —E [u? Zp3(Z)] is
precisely L(f,) = u? L (as shown in (4.26)). We also used that E [u?'Z(ps(Z) —
~v(p4))] = 0, since this observable is an odd order polynomial of Z. Finally, in
the fourth line we expanded the square (from the second line), and used that
E [uT Zp3(Z)?] = 0 since the observable is an odd order polynomial. Now, let

Ry = —E[u” Zr5(2)|+E [UTZpg(Z)(m(Z) - ’y(m))]—f—%E [uTZ(m(Z) — 'y(m))Q] ,
so that La(f,) = uT L + Ry ,. We have the bound

Rl S I full2limsllz + | Full2llpsllaliralls + Nl full2liralld

< csd V23 + cycue® + et = (Gzeq + csdfl/z)e?’,

(B.24)

using Corollary D.1 and Lemma C.1.
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Finally, we apply Proposition 4.1 with the functions f, = u’x, |jul| = 1, and
m = 2. We have

I =l — 21l = sup / uTedy(z) — uTL

/h@ /ﬁM—U‘

= sup
lull=1
(B.25)
< \Sl\llp /fudp /fudw Lo(fu)| + \Sl”lp R
u 1 u .
S Kis((e3e)® + (e36)") + (Gsca + csd™/?)e
< K1 3(Gscq + @ 4 csd ™12 + et
O

C Auxiliary Results

Lemma C.1. Let r4 and r5 be the fourth and fifth order remainders in the
Taylor expansion of W about zero, i.e.

k—1
1
rp(z) = W(x) — —|<VJW(O) ®7) k=4,5. (C.1)
=07
Then
[7allp Sp.g cac®s Vp>1. (C.2)
If Assumption A5 also holds, then
I7s5llp Sp.q csd 23 Wp > 1. (C.3)

Proof. Fix x € R? and let v = z/||z|. Then 74(x) is the kth order Taylor
remainder of the function W, : ¢t — W(tu) about t = 0, evaluated at t = ||z]|.
Therefore, using (4.7), we have

o lal?

il < s WOEIGE < Saltos fapvaln.
Hence

Bl 5, (2)" (1210 + ZHEEEE) o

C4\P
Sra (5) @ = (eac?y,

using that d < n. Taking the pth root gives the desired bound. When Assump-
tion A5 holds we can use (4.9) to show, similarly to (C.4), that

@< s WL Wt VA, (C6)

sef0,]||] "120
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From here, an analogous calculation gives

c d2.5 B
Irslly Spa e = esd /%€,
as desired. O
Lemma C.2. We have
r(z)| < esellaf|*F (C.7)

forallz e U = {z : ||z|| > 4Vd}.

Proof. Using the Taylor expansion (4.11) of r, Lemma 4.2, Lemma C.1, and (C.4)
from the proof of Lemma C.1, we get

3
@) < O o s )) 4 )
S ol + Sl 1+ /v + e (3

< csellal® + cae® |2l (1 + [lo/v/nl|?) + cae®.

Now note that 1 < ||z||*> < [Jz||* < [|=]|**T9 on U¢, and ||z/v/n|| < ||z||. Then
the last line above is bounded by |r(z)| < (cse + ca€?)||z||*T9 = 3¢9, as
desired. 0

D Hermite-Related Proofs

D.1  Very Brief Hermite Primer

Let v = (71,..-,74) € N%o' We let |y =1+ -+ + ya, and 4! = !l ygl

Then
d

H.y(xl, e ,Id) = HH%(zi)v

i=1
where Hp(z) is the order k univariate Hermite polynomial. We have Hy(z) =
1, Hy(x) = z, Hy(z) = 2% — 1, H3(x) = 2% — 32. We have

E[H,(Z)H.(Z)] = 5,7,
Given iaj7 k € [d]7 let 'Y(ij) = (717 CIE 7’Yd) be given by
Yo =0i + 050+ 0pe, £=1,...,d.

In other words 7, is the number of times index ¢ € [d] repeats within the string
ijk. For example

~y(111) = (3,0,...,0), ~4(113) = (2,0,1,0,...,0).
We define Hs(z) as the d x d x d tensor, with entries
Héjk(xh cooyg) = Hyjey (21, .., 24).

One can show that H3(z) = %3 — 3Sym(z ® I,).
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D.2 Proof of main L? bound

First, we prove

Lemma D.1. IfT is a symmetric d X d x d tensor, then
E (T, H,(2))?] = 31T

Proof. Note that given a v with |y| = 3, there are 3!/4! tuples (4, j, k) € [d]® for
which v (ijk) = 7. We let T, denote T}, for any ijk for which y(ijk) = ~. This
is well-defined since 7' is symmetric. Now, since both 7" and Hs are symmetric
tensors, we can write the inner product between T and Hj by grouping together
equal terms. In other words, for all 3!/4! tuples i, j, k such that v(ijk) = v, we
have Tiijéjk =T, H,. Therefore,

3!
(T,H3(2)) = Z *,T'YH'Y(Z)
=3
Using this formula, we get
2 33l
E((T\Ha(2)") = > f.WTwT«E[HwZ)Hy(Z)]
|7|—3 ly'|=3 =~ "
3! 3!
= Z St =3l Z (D.1)
=3 ! ' = !
= 3! Z T3y = 3Tl
irj k=1

Lemma D.2. IfT is a symmetric d x d x d tensor, then
(T, Hy)llax < V6(2k — 1)°/2d|| T

Proof. Let L be the generator for the d-dimensional Ornstein-Uhlenbeck pro-

cess. Then it is known that (LH,)(z) = —|y|H(x), i.e. the H., are eigenfunc-

tions of £ with corresponding eigenvalues —|v|. Hence, P,(T, H3) = e=3(T, H3),

where P, = e**. Now, by hypercontractivity (see e.g. Chapter 5.2.2 of [Bakry et al., 2014]),
we have

e (T, H)llgwy = 1 P{T, Hs)llge) < [T, Hs)ll2,
where q(t) = 1+ €', Setting 2k = q(t) we get €3 = (2k — 1)3/2, so that

KT, H)l2x < (2k = 1)°/2[(T, Ha) |2 < (2k = 1)*/2V6| T, (D.2)

where the last inequality is by Lemma D.1. Finally, we use that ||T||r < d||T|.
O

40



Corollary D.1. If T is a symmetric d X d X d tensor, then
T, 2%%) |20 < 6(2k — 1)*/2d||T|.
In particular, if p3(z) = 3 (V3W(0),2®3) then
Ip3ll2r < (2k — 1)%2cze.

Proof. The second statement follows from the first by recalling ||[V2W (0)||
¢3/+y/n by Lemma 4.2. To prove the first statement, we use that since Hs(z)
%3 — 3Sym(z @ I;) and T is symmetric, we have

S

(T,H3(z)) = (T, 23 — 3z ® I) = (T, 2®3) — 3(T,x @ I;) = (T, 2%3) — 3y x,

where y = (T, I). Note that ||y|| < d||T||. Therefore, (T,2%3) = (T,Hs(x)) +
3yTx, so that

(T, &%) |2 < (T, Ha) [lax + 3lly" 2
< V6(2k — 1)%2d||T|| + 3((2k — 1))/ 24| T)| (D.3)
< 6(2k — 1)*2d| T,

since (2k — INY/2¥ < (2k — 1)3/2 and V6 + 3 < 6. O
E Negligible Tail
Lemma E.1. We have

/u Pl () e @ dry ()

Spoe €D+ By 1) (30)T = Ky g (G3)" T

(E.1)

We start with two supplementary lemmas. For their proof, note that by
comparing the Taylor expansion (4.10) of W and the second line of the Taylor
expansion (4.11) of r, we have that

=g
2

r(z) = W(x) - W(0) —7(ra),

and hence
e y(w) = (2m) "2 exp (—r(x) — |]*/2)
= (2m) "% exp (v(r4) + W(0) — W (a)) (E.2)
< (2m) " 2eA DA oxp (W(0) - W (a)),

where the last line uses Lemma C.1 to bound |y(r)| < |[r4ll2 < A(q)cae.
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Lemma E.2. We have

= lelPe @ (@)de <, MO 3/2)Y2. (B3
aVd<||z|| <rv/n

Proof. When ||z|| < rv/n, we have by Lemma 4.3 that W (x) — W(0) > ||z||?/4.
Therefore using (E.2) we have that

e ") < (2m)~ V2@ I i < vy,

Substituting into the integral I, we get

I < eA@ene (97)=d/2 / || z|[Pe 1= /4 gz, (E.4)
4vVd<||z||

and

(271-)_d/2/ |z||Pe=1=1*/4dy
4vd<||z||

d
— V2R [|1Z|P{)1 2] > 2v2Vd})
<, VIV 1V ®
1 2\ d
<, @12 (VEem o)
< dP2(3/4)" <, (3/4)Y2.

Here we used that dP/2 (3/4)% = {dp/Q (3/4)d/2} (3/4)? and the expression in

square brackets is bounded above by a constant C(p) for all d € N. Substitut-
ing (E.5) into (E.4) finishes the proof. O

Lemma E.3. We have

/| e |z||Pe™" @) (z)dx < eA@esc o ((p +d) log(r\/ﬁei) — nco) .
z||>ry/n

(E.6)
Proof. Recall from point 3 of Lemma 4.2 that
W(z) = W(0) = neollz/(rvn)[|%, Y|zl = rvn

and hence using (E.2) we have

eA(Q)C4€2

e T@n(z) < oz OXP (—=ncollz/(rv/n)||*)
(2m) (E.7)
eA(Q)C4€2 o ’
= W exp (—||Mz/N|%),
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where M = (nco)'/® and N = ry/n. Therefore,

/ lzPe" @y (z)de
[|z]|>rv/n

WWM/ 2P exp (—|[Mz/N|®)dz  (E.8)
< —n z||Pexp (—|| Mz *) dx E.8
@M% Jiozrym

A(q)cae? o]
= Sd(;e )dj)24 / wPT=le= (R0 gy,
a N

where Sy_1 is the surface area of the unit d-sphere. Now we apply Lemma E.4
with a = N = ry/n,b = M/N (where M = (ncg)*/®) and o = a to get that

p+d

/ |z|[Pe=" )y (z)dz Sq eA@)eae® (ry/m)P et o
llz||>rvn

— Al)ea? exp ((p +d) log(r\/ﬁeé) - nco) )
(E.9)

as desired. O

Combining the above two lemmas, we immediately get

Corollary E.1. We have

/ Hx||pefr(z)’y(a:)da: Sp eAl@eac® (1 + exp ((p +d) log(r\/ﬁei) - nco)> .
Z/[C

We can now prove Lemma E.1.

Proof of Lemma E.1. Fix ||z|| > 4v/d > 1. Using Lemma C.2, we have |r(z)| <,
c3€l|z]|*T9 on the set U¢, and therefore

l][P|r(z)[FFt g (3e)* || pHHDET)

on this set. Therefore using Corollary E.1 we have

Ue

/ ||xHP|r|k+1efrd,y§ (536)k+1/ ”x”p+(l~c+1)(4+q)67rd,y
MC

< eAl@ese® (1 + exp ((p + (k+1)(4+ q) + d) log(rv/ne®) — ncO)) (ese)*™

< eA(q)éi‘e(l + Bp,k+1)(63€)k+1 = Kp,k+1(636)k+1’
(E.lO)

as desired. O
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E.1 Auxiliary results for proof of Lemma E.1

Lemma E.4. Assume (ab)® > (p+d)/a. Then

St [ it e
= prd=1,—=(bw)% g, < =
(2m)dr2 / v U L (d)2)24

aPtd ptd_(gp)0

efa () (E.11)
Proof. First, let u = s/b so that uPT9~1du = b=P~4sP+d=1ds. Hence

Sq1b™P= [ L e
I= (271_)(1/2/&1) sP e ® ds. (E.12)

Next, let s = ¢/, so that

std-lgg = gova-njal oy Lyetaoy g

«

R+

Hence
7o Sab ! /°° R
a(2m)¥2 - J(apye

_ Sq_1b7 P~ ((p+d) /)

( (E.13)
a(2mr)d/2

P(X > (ab)?),

where X ~ I'((p + d)/a,1). Now, we show in Lemma E.5 that if A > ¢ and
X ~T(c,1), then T'(c)P(X > \) < e\, Applying this result with A = (ab)®
and ¢ = (p+ d)/a, we get

Sg_1b7 P~ ab)Pte pia e Sg1aPT pra e

I< o —(ab)® _ 2d1T B —(ab)” E.14
~ a(2m)d/2 ¢ a(2mr)d/? ¢ (E.14)
To conclude, we substitute the formula Sy_; = 27%2/T'(d/2). O

Lemma E.5. Let X ~T'(¢c,1). Then for A > ¢, we have
D(c)P(X > \) < e\

Proof. The mgf of I'(c, 1) is E [eX?] = (1 — ¢)~¢, defined for ¢ < 1. Hence for all
t € (0,1) we have
P(X > \) <e M1 —t)"¢= f(t). (E.15)

Now,

PO = M0 + 750 = £0) (155 - 2)

and we find that £ = 1 — § is the minimizer of f. Substituting this value of ¢
into (E.15) gives
P(X > \) < e \/e)e.

Multiplying both sides by T'(¢) and using that I'(¢) < ¢© gives the desired bound.
U
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F Proofs from Section 3: Logistic Regression

Proof of Lemma 3.1. First note that we can write v as

T
1 — 1 « T
v(b) = <nZYX> b— EZlog(l—l—eb Xiy,

i=1

Also, let v (b) = E[v(b) | {X;}i], which is given by

Voo (b) = (:L Zn: s(BTXi)XZ) b— %imgu + e Xy, (F.1)

i=1 i=1

recalling that E[Y; | X;] = s(87 X;). Note also that Vv, (3) = 0, and that

Vo(B) = Vo(B) — Vo (8) = %Z — S(BTX)X; (F.2)

We will show that if d/n is small enough then

v(b) >w(B), VIb—pl =1 (F.3)

with high probability. It then follows that v(d’) > v(8) for all ||b' — S]] > 1.
Indeed, fix such a b’ and let b be the point on the segment connecting 5 to o’
that is distance 1 away from £. Then by convexity of v, we have

N )
v =D = T

> 0.

This implies that the minimizer B of v lies inside the unit ball around g, i.e.
I8 =8|l < 1. To prove (F.3), Taylor expand v around 3, and evaluate at a point
b such that ||b— 3] = 1:

o(b) ~ (8) =Vu(B) (b~ B) + 5 (b~ BT V()b 5)

> (i >o(vi- s(ﬁTXmXi) (- 5)

i=1
RS
2 lz—Bl<1

(F.4)
Amin (V0())

n

LS - (8T X)X,

i=1

+ = 1 f min(Vzv(x)).

2_
2\| <

In the first line of (F.4), £ is a point on the interval between b and 5. In the
second line, we used equation (F.2) for Vu(8). In the third line, we used that
16— Bll = 1, and that [|5]| = 1, so {[|lz — 8]l <1} C {]|=[| <2}.
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Now, we apply Lemma 7 of Chapter 3 of the PhD thesis [Sur, 2019]. (This
result also appears in Lemma 4 of the paper [Sur et al., 2019], but the form in
which it appears in the thesis is closer to our setting.) The lemma states that
if d/n < C < 1 for some absolute constant C, then there exist C7,Cs,C5 > 0
such that the event

E = {uﬁnﬁ Amin(V20(b)) > C18' (Cor)  Vr > 0.}
has probability at least 1 —4e~%3". (In fact, the lemma proves an even stronger
statement than this). Furthermore, if d/n < 1/(4log3) then by Lemma F.1

n

LS - s(87 X)X

EQ_{
n-
=1

has probability at least 1 — e~%2 — ¢="/%, Therefore,

d/n} (F.5)

]P(El ) EQ) Z 1— 67d/2 _ 567(03/\0.25)?1 =1— 67d/2 _ 56714171

(where A; = C3 A 0.25) and on Ey N Ey we have that

n

v(b) —v(B) > — H; Z(Yi - s(B7X:)X

i=1

1
+ = inf Ain(V0(z
5 0L, (VZo(z))

(F.6)
d/n + %s'(202)

If d/n < min (C’, (4log3)~1, (&5 (2C2)) ) =: Ap then this lower bound on
v(b) — v(B) is positive. (Recall that d/n < C,d/n < 1/(4log3) is necessary to

apply the aforementioned lemmas). We conclude that |5 — ]| < 1 on E; N Es.
But then we also have on E; N Ey that

)\min(Vzv(,@)) ”;‘IllfQ)\mm(V2 v(b)) > C18' (2Cy) =

We conclude that
EinE C{IB-BI <1, Amin(VZ0(B)) > As},

and hence the righthand event has probability at least 1 — e=%/2 — 5e=417 ag
well. This concludes the proof. O

Proof of Lemma 3.2. We have

n

== s )P, (F.7)

i=1

S\H

This is a symmetric tensor, so Theorem 2.1 of [Zhang et al., 2012] implies that
[VF0(b)|| = supy, =1 (VF0(b),u®), ie. it suffices to consider the action of
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V*v(b) on the product of k copies of the same unit vector, rather than k arbitrary
unit norm vectors. Now, using that |s(k_1)| is bounded uniformly over R, we

have
n

1

IVF @) < ls* Ve sup — > | X ul". (F.8)
lull=1 ™=

We now apply Proposition 4.4 of [Adamczak et al., 2010], which implies that

there are absolute constants B(), B} such that the events

F sup ! z”: | XTul* < B (1 + dk/Q) (F.9)

k= - i =~ Do — :
lull=1 T ;3 n

satisfy P(F)) > 1 — 2exp(—Bjvnd/log(2n/d)) for all k = 2,3,4,5. This result

and (F.8) imply that (3.4) is satisfied with By = maxy—93.45 [5"* | B} and

B, = B, 0

For the next proof, we return to the notation of the proof of Lemma 3.1. We
note that that proof implies
ExNEy CExn{||6 -8l < 1}

{15 BI <1, int Auia(T20() = A) ¥r 2 0) = By, (1)
where A(r) = C18' (Car). In particular, Apin(H,) = )\min(VQ'U(B)) > A(2) on
E5. (The lower bound A(2) was denoted Ay in the above proof.) Note also that
]P)(E3) > P(El N EQ) >1-— gfd/z _ 567‘41",

Proof of Lemma 3.3. In this proof we write H for H,, for brevity. Define
fly) =v(B+H ' y) —v(B),

and let k = inf}, =, f(y). First, we will show that f(y) > &ly/r| for all [[y|| > r.
Since v is convex, so is f. Now, fix y such that ||y|| > r, and let v = ry/||y| be
the point on the line segment connecting 0 to v which has norm r. By convexity
of f, it follows that

fly)=fy) = f(0) = M(f(u) = £(0)) = [ly/r[lf (u)

r

> /vl | iut7(00] = sl

flwll=r

(F.11)

as desired. Now, fix z such that ||z||gz > r. Let x = H~'/2y and note that
llyll = l|z||zz > 7. Using the definition of f, we have

v(B+a) —v(B) = v(B+H?y) —v(B) = f(y) = lly/rl| = £ll/r||x.

To finish the proof, we show that on a subset of the event E3 defined in (F.10),
there exists an absolute constant C such that k > Cj. Recall from the remarks
following the definition of E3 that Apin(H) > A(2) on Ejs.
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Fix y such that ||y|| = r and Taylor expand f around zero. Then for some
t € [0,1], we have on the event F5 that

fly) = fly) — f(0) = %yTH‘l/QV% (B + tH_l/Qy) H~Y2y

Y

Amin (VQU(B _|_tH71/2y)) ||H71/2y||2

2
,
inf Amin Y72v(u)
lull <IBI+I1H=2/2||r ( ) | Hl (F.12)

7,,2

inf
llyll=rtel0,1]

v

N = N = N =

Y

inf Amin (V20(u
lull<24r/+/A(2) (Vio(w) | H|l

1 r?
2 5 AR+ T/\/@)m-

Therefore, )
K= inf f(y)Z%A(2+r/\/A(2))”;” (F.13)

lyll=r

on F3. To conclude the proof, we recall from Lemma 3.2 that

Ey = {sup |V20(b)|| < Bo(1 +d/n) < 2By}
beR?

has probability at least 1 — e~ 51 vnd/log(2n/d) Thys

P(E3 N Ey) > 1— 2exp(—B1Vnd/log(2n/d)) — e~ %% — pe=An

(F.14)
> 1 —Texp(—C1Vnd/log(2n/d)) — e~ /2
for some Ci. On E3 N E4 we have
1 r2 1 r?
k> -AQ+71/\AQ2))imm = AR +1/VAQ2) 75 =: Co.
2 Ta] = 2 25,
This concludes the proof. O

For the next two proofs, recall that ax, = E [s(F)(2,)Z7] for Z; ~ N(0,1).
Also, we use V' to denote V, for brevity.

Proof of Lemma 3.4. Using (3.8), we have

Hy =V*V(B) =E[s'(21)Z2Z"]

. (F.15)
= ndiag(a12,a10---,a1,0),

and
V3V(B) = nE[s"(Z,)Z%3].
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Now, for a fixed vector b € R?, we compute
(V3V(3),%%) = nE[s"(Z,)(b" Z)?]
=nE[s"(Z,)(012,)%] + 3nE [s"(Z)) Z,|E [(bL. 1 Z2.4)%]  (F.16)
=n (ag,gbi’ =+ 3&2,1b1 ||b2:dH2) .

Hence )
(V2V(8),0%%)] > n (3laz,1|[b1|l|bzall® — |az,3

b1]?) . (F.17)

Now substitute
b=H;Y?Z =~/ (a;§/2zl,a;3/222, - ,a;;”zd)
into (F.17) and take expectations on both sides:

L =E[(V3V(B), (H,?2)%3)]

d—1) |a ass| E[|Z1]3
Vn ay’saio ay’s Vn (F.18)
2 2
1/2 <|a2’1| (d—1) - |a2’3|> ;
ay'sv/n ai,o 1,2
as desired. O

Proof of Lemma 3.5. Using the formulas for Hy and V3V (3) from the proof of
Lemma 3.4, we have

1
L= —§HV1/2<V3V(B),H;1>

n — —1/2
- 7K [s"(20)2" By Z 1y, 22

1 d

_ _ —1/2
= —3E |s"(2) ard 23+ araz? | HyVP 2
j=2
d (F.19)
1 _ 1 _
- R |[s"(z)22H;?Z] - > E[”Z 72H; %7
503 {s( 1)Z1 Hy, ] ara 2 s'(Z1)Z; Hy,_ }
CL273 (d — 1)@2,1

= - 1 €1
3/2 1/2
2ay’5 \/n 2a1,0a,'y /1

1
= - (a2’3 +(d—1)a2’1>€1.

N /2 \ g a
2v/nay’y \41,2 1,0

Taking the norm of this vector gives the result. O
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Lemma F.1. Let X; "X N(0,1,),i=1,...,n, andY; | X; ~ Bernoulli(s(X31)),
where s(t) = (1+e~*)~ is the sigmoid and X;; is the first coordinate of X;. If
d/n < 1/(41og3) then

&

Proof. Let A= L% (Y; — 5(X;1))X;, and let A" be a 1/2-net of the sphere
S4=1 Then

SY - (X)X,

>4 d/n) <e it pemd2, (F.20)

|A|l <2 sup uT A,
ueN
and hence

P(||A|| > t) < P(sup uf A >t/2) < 3% sup P(uT A >1/2),
ueN [Jlul|=1

where we have used a union bound and the fact that |A| < 39. Now, we have

P(u"A>t/2)=E [P(u"A>t/2 | {X;}1))]

=E lP (Zn:(yz —E[Y; | XiDu" X; > nt/2 | {sz}?=1>]

i=1

<& (oo () == [oo (375t
(F.21)

where Z,, ~ N(0,1,). We have used Hoeffding’s inequality in the third line,
and the fact that (u” X;); is a standard normal on R™. Now, we have

n2¢? n2¢?
E __ M N <p()z,) > 2 __mr
{e"p( 2||Zn2)]— (1Zn11 = \/ﬁ”e’{p( )

2(2y/n)? (F.22)

< efn/2_|_efnt2/8.

Taking ¢t = 41/d/n and combining all of the preceding bounds, we conclude that

]P)(HA” > 4\/%) < edlog37n/2 Jrecl(log372)
< e—n/4 +€_d/2,

(F.23)

using that d/n < 1/4log3 to get the last line. O

G Matrix-weighted operator norm of a tensor
In Theorem 2.1 of [Zhang et al., 2012] it is shown that

sup (T,21 @ @xp) = sup (T,2°™), VT € Sym™(R"), (G.1)

llz1]|=-=llzm|=1 llzll=1
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where Sym™ (R™) is the set of order m, dimension n symmetric tensors. We now
show the same is true for the H-weighted tensor operator norm, i.e. we claim
that

||| = sup (Ty21 @+ @ay,) = sup (T,z%™). (G.2)

lz1llp="=lzm|a=1 ||l =1

Here, ||z||g = V2T Hz for a symmetric matrix H. To prove (G.2), we start by
noting the following identity.

Lemma G.1. Given a symmetric order m, dimension d tensor T and a d X d
matriz A, define the tensor S(T, A) by

d
ST Ay i = Y, T Ay Ai- (G-3)
jla--<7j7n:1
Then

for all yy, ..., ym € R
Proof. We have

d
<T7(Ay1)®"'®(f4ym)>=. > Thgn(An)j, - (Aym)j.,

g Agrin Y1)y <+ A, (Ym) i,

I
M=
M=

S

d d
= > Wa Wi Y. Tign A A,

01,00y tm =1 J1seesdm=1

— | Z (Y1)iy - - - (ym)im Sy i

(G.5)
O

We now prove (G.2). First let S(T, H~'/?) be defined as in Lemma C.1, and

o1



note that this is a symmetric tensor, by the symmetry of 7. Therefore,

||THH = sup <T,Z‘1®®J)m>

lzillg==llzmllz=1

= sup (T, (H71/2y1) ®R--® (H71/2ym)>
llyrll=-=llyml=1

= sup <S(T7H_1/2),y1®-"®ym> (G.6)
lyl==llym =1

= sup (S(T,H/?),y®™)
llyll=1

= sup (T, (H '?y)®™) = sup (T,z®™),
lyll=1 llz| =1

as desired. The third line used Lemma G.1, the fourth line uses (G.1) (since
S(T, H='/?) is symmetric), and the fifth line again uses Lemma G.1.
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