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Abstract

Black-box variational inference is widely used in situations where there is no proof
that its stochastic optimization succeeds. We suggest this is due to a theoretical
gap in existing stochastic optimization proofs—namely the challenge of gradient
estimators with unusual noise bounds, and a composite non-smooth objective. For
dense Gaussian variational families, we observe that existing gradient estimators
based on reparameterization satisfy a quadratic noise bound and give novel con-
vergence guarantees for proximal and projected stochastic gradient descent using
this bound. This provides rigorous guarantees that methods similar to those used in
practice converge on realistic inference problems.

1 Introduction

Variational inference tries to approximate a complex target distribution with a dlStrlbuthIl from a
simpler famlly [1,2, 3, 4]. If p(z, x) is a target distribution with latent variablesz € RY and observed
datax e R", and q/v is a variational family with parameters W € W | the goal is to minimize the

negative evidence lower bound (ELBO)

fw) =-E  logp(z, x)*E log gu(2)- (1)
|2 (7 y 2z
I(w) h(w)

For subsequent discussion, we have decomposed the objective into the fiee energy! and the negative
entropy N. Minimizing f is equivalent to minimizing the KL-divergence between Gw to p(-|X),
because KL (qw Ip(-|x)) = f (w) + log p(x) . Recent research has focused on "black box" variational
inference, where the target distribution P is sufficiently complex that one can only access it through
evaluating probabilities (or gradients) at chosen points [5, 6, 7, 8, 9, 10, 11]. Crucially, one can still
get stochastic estimates of the variational objectivef and of its gradient, and use these to optimize.

Still, variational inference can sometimes be unreliable [12, 13, 14, 15], and some basic questions
remain unanswered. Most notably does stochastic optimization of f converge to a minimum of the
objective? There has been various progress towards answering this question. One line of research
seeks to determine if the variational objectived’ has favorable structural properties, such as smoothness
or (strong) convexity [13, 16, 17] (Sec. 2.1). Another line seeks to control the "noise" (variance or
expected squared norm) of different gradient estimators [18, 19, 20, 21] (Sec. 2.2). However, few
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full convergence guarantees are known. That is, there are few known cases where applying a given
stochastic optimization algorithm to a given target distribution is known to converge at a given rate.

We identify two fundamental barriers preventing from analysing this VI problem as a standard
stochastic optimization problem. First, the gradient noise depends on the parameters W in a non-
standard way (Sec. 2.3). This adds great technical complexity and renders many traditional stochastic
optimization proofs inapplicable. Second, stochastic optimization theory typically requires that the
(exact) objective function f is Lipschitz continuous or Lipschitz smooth. But in our VI setting, under
some fairly benign assumptions, the ELBO is neither Lipschitz continuous nor Lipschitz smooth.

We obtain non-asymptotic convergence guarantees for this problem, under simple assumptions.

Central contributions (Informal). Suppose that the target modellog p(-, X)is concave and
Lipschitz-smooth, and that Qw is in a Gaussian variational family parameterized by the mean
and a factor of the covariance matrix (Eq. 2). Consider minimizing the negative ELBO f
using either one of the two following algorithms:

+ a proximal stochastic gradient method, with the proximal step applied to N and the
gradient step applied to /, estimating VI(w) with a standard reparameterization gradient
estimator (Eq. 5), and using a triangular covariance factor;

* aprojected stochastic gradient method, with the gradient applied to f=/+ h , estimating
Vf(w) using either of two common gradient estimators (Eq. 7 or Eq. 9), with the
projection done over symmetric and Iy)n-degenerate (Eq. 3) covariance factors

Then, both algorithms converge with a 1/ T complexity rate (Cor. 12), or 1/T if we further
assume that log p(-, x)is strongly concave (Cor. 13).

We also give a new bound on the noise of the "sticking the landing" gradient estimator,
which leads to faster convergence when the target distribution P is closer to Gaussian, up to
exponentially fast convergence when it is exactly Gaussian (Cor. 14).

This is achieved through a series of steps, that we summarize below.

1. We analyze the structural properties of the problem. Existing results show that with a Gaussian
variational family, if— log p(-, x) is (strongly) convex or Lipschitz smooth, then so is the free
energy /. This is for instance known to be the case for some generalized linear models, and we
give a new proof of convexity and smoothness for some hierarchical models including hierarchical
logistic regression (see Appendix 7.3). The remaining component of the ELBO, the neg-entropy

, is convex when restricted to an appropriate set. It is not smooth, but it was recently proved to
be smooth over a certain non-degeneracy set.

2. We study the noise of three common gradient estimators. They do not satisfy usual noise bounds,
but we show that they all satisfy a new quadratic bound (Definition 5). For the sticking-the-
landing estimator, our bound formalizes the longstanding intuition that it should have lower noise
when the variational approximation is strong (Thm. 4).

3. We identify and solve the key optimization challenges posed by the above issues via new
convergence results for the proximal and projected stochastic gradient methods, when applied to
objectives that are smooth (but not uniformly smooth) and with gradient estimators satisfying our
quadratic bound.

1.1 Related work

Recently, Xu and Campbell[22] analyzed projected-SGD (stochastic gradient descent) for Gaussian
VI using the gradient estimator we will later call gent (7), with a particular rescaling. They show that,

asymptotically in the number of observed data, their method converges locally with a rate of1/ T,

under mild assumptions. Our results are less general in requiring convexity, but are non-asymptotic,
apply with other gradient estimators, and give a faster 1/T rate with strong convexity.

Lambert et al. [23] introduce a VI-like SGD algorithm, derived from a discretisation of a Wasserstein
gradient flow, and show it converges at a 1/T rate for the 2-Wasserstein distance when the log
posterior is smooth and strongly concave. This line was continued by Diao et al. [24], who propose a



v
proximal-SGD method based on the decomposition f=/+ h . They obtaina 1/ T rate when the
log posterior is smooth and convex, and a1/T rate when it is smooth and strongly convex. Unlike
typical black-box VI algorithms used in practice, these algorithms require computing the Hessian
of the posterior. We analyze more straighforward applications of SGD to the VI problem using
standard gradient estimators. Under the same assumptions, our algorithms have the same rates for
KL-divergence, which imply the same rates for 2-Wasserstein distance by of Pinsker’s inequality and
that the total-variation norm upper-bounds Wasserstein distance [25, Remark 8.2].

In concurrent work, Kim et al. [26], consider a proximal-SGD method similar to our approach in

Sec. 6. They obtain a 1/T convergence rate, similar to what Cor. 12 gives when the log posterior
is strongly concave. They also consider alternative parametrizations of the scale parameters that

render the ELBO globally smooth, and obtain a nonconvex result: Under a relaxed version of the
Polyak-Lojasiewicz inequality, they can guarantee a1/T * rate.

2 Properties of Variational Inference (VI) problems

Traditionally, the ELBO was optimized using message passing methods, which essentially assume
that P and g are simple enough that block-coordinate updates are possible [2, 3, 4]. However, in the
last decade a series of papers developed algorithms based on a “black-box” model whereP is assumed
to be complex enough that one can only evaluatelog p(or its gradient) at selected points Z. The key
observation is that even if P is quite complex, it is still possible to compute stochastic estimates of the
gradient of the ELBO, which can be deployed in a stochastic optimization algorithm [5, 6, 8, 9, 10].

This paper seeks rigorous convergence guarantees for this problem. We study the setting where the
variational family is the set of (dense) multivariate Gaussian distributions, parameterized in terms of
w = (m, C) , where M is the mean and C is a factor of the covariance, i.e.

Gv(z)=Nzlm,cC T . )

We optimize overW € W where W= {(m, C): C > 0}  and will further require C to be either
symmetric or triangular. This does not really change the problem, since for a given covariance matrix
¥ there always exists a symmetric (or lower triangular) positive definite factorC such that CC ™ =3 .

Now, is it possible to solve this optimization problem? Without further assumptions, it is unlikely any
guarantee is possible, because it is easy to encode NP-hard problems into this VI framework [ 27, 28].
We discuss below the assumptions we will make to be able to solve the problem.

2.1 Structural properties and assumptions

The properties of the free energy / depend on the properties of the target distribution P. It is necessary
to assume that P is somehow “nice” to ensure the problem can be solved. Titsias and Lazaro-Gredilla
[17, Proposition 1] showed that if — log p(-, X)is convex, then/ is convex too. Challis and Barber
[16, Sec 3.2] showed that if the likelihoodp(-|z) is convex and the priorp(z) is Gaussian, then/ is
strongly-convex. Domke[13, Theorem 9] showed that if — log p(-, X) is H-strongly convex, then/ is
H-strongly convex as well, and that the constant is sharp. Similarly, Domke [13, Theorem 1] showed
that if log p(-, x)is M -smooth, then ! is also M -smooth, and that the constant is sharp.

In this paper we make two assumptions about the target distribution P: the negative log-probability
- log p(-, x) must be convex (or strongly convex), and Lipschitz smooth. Section 7.3 (Appendix)
gives some example models where these assumptions are satisfied. For example, if the model is
Bayesian linear regression, or logistic regression with a Gaussian prior, then — log p(-, X) is smooth
and strongly convex. In addition, ifthe target is a hierarchical logistic regression model, then
- log p(:, x) is smooth and convex.

Assumptions on P also impact what a minimizer W* = (m *, C*) of f (w) can look like. Intuitively, if
the target log p(:, x)is H-strongly concave, then we would expect the target distribution to be “peaky”.
This means that the optimal distribution would be close to a delta function centered at the MAP
solution: M* would be close to some maximum of log p(-, X)noted M, and the covariance factor C*
would not be too large. This intuition can be formalized: in this context we havelC 12 +1m * =
mi2 < d/u [13, Theorem 10]. Similarly, if log p(-, x)is M -Lipschitz smooth, then we expect that
the target is not too concentrated, so we might expect that the optimal covariance cannot not be too



smgll. Formally, it can be shown that the singular values of the covariance factor C* are greater than
1/ M [13, Theorem 7].

The properties of the neg-entropy h are inherited from the choice of the variational family and do
not depend on P. Since we consider a Gaussian variational family,/ is known in closed-form. To
avoid some technical issues, we will restrict /1 so that the covariance factor is positive definite, so
h(w) is equal to — In det C up to a constant if C is positive definite (see Appendix 7.1), and to+oo

otherwise . So 1 inherits the properties of the negative log determinant, meaning it is a proper closed
convex function whenever C is symmetric or triangular (see Appendix 7.2). From an optimization
perspective, it is natural to use a gradient-based algorithm. But unfortunately /N is not Lipschitz
smooth on its domain, because its gradient can change arbitrarily quickly when the singular values of
C become small. However, it can be shown [13, Lemma 12] that /' is M -smooth over the following
set of non-singular parameters (which contains the solution W*, see the previous paragraph) given by

Wy = w=(m,C):C>0 and Oy, (C) 2 JL?W . 3)

Instead of computing gradients, an optimizer might want to use the proximal operator of?, which
can also be computed in closed form (see Sec. 4).

2.2 Gradient estimators

This paper considers gradient estimators based on the “path” method or “reparameterization®. These
assume some base distribution S is known, together with some deterministic transformation 7w, such
that the distribution of 7w (u) is equal to Gw when u ~ S. Then, we can write

Yy E 9@ =E  Vu(Tu(u). @

In the case of multivariate Gaussians, the most common choice is to use S = N (0, /) and Tw(u) =
Cu + m, which we will consider in the rest of the paper.

We will consider three different gradient estimators based on the path-type strategy (Eq. 4). We will
provide new noise bounds for each of them (all the proofs are in Appendix 8). Our analysis is mostly
based on the following general result [20, Thm. 3].

Theorem 1. Let Tw(u)=Cu+m forw=(m,C).Let¢: RY - R be M -smooth, suppose that 9
is stationary at M, and definew = (m, 0). Then

NI(%I) IV w@(Tw(u) 3 < (d+1)M 2im="Mi3+(d+3)M 21C1 2 < (d+3)M 2w - Wi 3.
u-N (0,

Furthermore, the first inequality cannot be improved.
Intuitively, this result says that the noise of a gradient estimator is lower when the scale parameter C
is small and the mean parameter M is close to a stationary point.

The first estimator we consider is W(w) only. It is given by taking ¢ = — log p into Eq. 4, i.e.
Qenergy (U) = -V wlog p(Tw(u), x), u~N(O,]). (%)

The next result gives a bound on the noise of this estimator, which is a direct consequence of Theorem
1. The second line uses Young’s inequality to bound the noise in terms of (i) the distance ofW from
W* and (ii) a constant determined by the distance of W* from some fixed parameters W.

Theorem 2. Suppose thatlog p(-, X)is M _smooth and has a maximum (or stationary point) atm,
and definew = (m, Q). Then, for every W and every solution W* of the VI problem,

E Igenergy (W15 < (d+3)M 2w -} (6)
<2(d+3M 2wW-w 12+ 2(d+3)M 2Iw* - Wi3.

Second, we consider an estimator of the gradient of the full objectivel + h. It is obtained by simply
taking the above estimator and adding the true (known) gradient of the neg-entropy, i.e.

ent (U) =g energy (U) + VN(W), U~ N (0, /). (7



The noise of gent can be bounded since it only differs from Qenergy by the deterministic quantity

Th(w) , and the fact that—provided W € W —the singular values of W cannot be too small and so

Vh(w) cannot be too large. This is formalized in the following theorem, where again, the second
line relaxes the result into a term based on the distance of W from W* plus constants. (Another type

of noise bound [29] for gent Was obtained by Kim et al. [21] for diagonal Gaussians and a variety of
parameterizations of the covariance.)

Theorem 3. Suppose that log p(-, X)is M -smooth, that it is maximal at M, and define w = ( m, 0).
Then, for every L >0 , for every W € W and every solution W* of the VI problem,

Elgent(U)I3 <2(d+3)M 2iw-WI2+2dL (8)
S4d+3M W -W 12+ 4(d+ 3)M 2w’ - WI2 + 2.

While gent used the exact gradient of h it may be beneficial to use a stochastic estimator h instead.
To derive our third estimator, write the gradient of the ELBO ad

Uw)+ Vth(w) =V w_E [-logp(z, x)+logg(2)] -
Z~qw v=w
where the parameters V serve as a way to “hold W constant under differentiation”. This leads to our
third estimator, called the “sticking the landing” (STL) gradient estimator

OsTL (U) ‘=g energy (U) + [VW |Og q/(TW(U))] v=w ’ u~N (0, I)- (9)

Intuitively, we expect thatgst. will tend to have lower noise thangent when the posterior is well-
approximated by the variational distribution. The reason is that, as observed by Roeder et al[30], if
Qw (2) were a perfect approximation of p(z|x), then the two terms in Eq. 9 would exactly cancel (for
every U) and so the estimator would have zero variance. Below we formalize this intuition in what
we believe is the first noise bound ongsTy -

Theorem 4. Suppose that l0g p(-, X)is M -smooth. Consider the residual r(z) :=log p(z, X) —
log gv- (2) for any solution W* of the VI problem, assume that it has a stationary point M, and define
W = (i, Q). Then I' is K -smooth for some K € [0, 2M ], and for allW € Wy,

Eigst !y <8d+3)M 2IW=w'13+2(d+3)K 21w~ "W} (10)
S4d+3)K 2+2M 2w -w 13 +4(d+3)K 2w’ — Wi 2.
Moreover, ifp(-|x) is Gaussian then K =0 .

When the target is Gaussian then K = 0 in Eq. 10, meaning that when w = w *, the STL estimator
has no variance. This is a distinguishing feature of gsti_ , as opposed to Qenergy Or Jent -

2.3 Challenges for optimization

Three major issues bar applying existing analysis of stochastic optimization methods to our VI setting:
1) non-smooth composite objective 2) lack of uniform smoothness and 3) lack of uniformly bounded
noise of the gradient estimator.

The first issue is due to the non-smoothness of neg-entropy function h. This means that under
the benign assumption that the target log pis smooth, the full objective [+ h cannot be smooth,
since a nonsmooth function plus a smooth function is always nonsmooth. This renders stochastic
optimization proofs (e.g. those for the "ABC" conditions [29]) that do not use projections or proximal
operators inapplicable.

One way to tackle this first issue would be to use a non-smooth proof technique, but these rely
on having a uniform gradient noise bound (our third issue). Alternatively, one can overcome the
non-smoothness of the neg-entropy function by either using a proximal operator, or projecting onto a
set where 1 is smooth, namely Wy . This is the strategy we pursue.

One could also build an estimator without holding W constant in this way. However, in the case of Gaussian
variational families, this turns out to be mathematically equivalent to using a closed form entropy because
log gv (Tw(u)) = - % I g - g log(2m) - log |C|, which has the same gradient (independent ofU) as h(w) .



Table 1: Table of known black-box VI properties relevant to optimization. In some cases there could
be multiple valid W* or W in which case these results hold for all simultaneously.

Description Definition

Estimator for V/ Genergy = —V w log p(Tw(u), x)

Estimator for V + Vh Gent = —V wlog p(Tw(u), x) + Vh(w)

Estimator for V1 + Vh gstL = -V wlog p(Tw(u), x) + V wlog ?(TW(U))' vew
Constraint set Wy ={(m,C):C>0, O, (C)=1/ M}

Optimum W* e argminy, I(w) + h(w)

Stationary point of / w = (z, 0) for any Z that is a stationary point of log p(-, X)

Condition on — log p(z, x) Consequence

none h(w) is convex when C is symmetric or triangular
h(w) is M -smooth over Wy

convex I(w) is convex

H-strongly convex I(w) is H-strongly convex
Iw* - Wi < g

M _smooth I(w) is M -smooth
w* e Wy

Genergy » Jent » and gs7. are quadratically bounded

The second issue is that existing analyses for proximal/projected stochastic methods either rely on a
uniform noise bound ([31, Cor. 3.6]) or uniform smoothness [32, 33, 34, 35, 36], both of which are

not known to be true for VI. By uniform smoothness, we refer to the assumption that log p(Tw (u), X)

is M —smooth for every U, with M being independent of U. Instead, we can only guarantee that

log p(Tw(u), x) is smooth in expectation, i.e. that [(w) is smooth. Several works [9, Cond. 1][37,
Thm. 1][38, Sec. 4][39, Assumption A1][40, Thm. 1][41, Assumption 3.2] assumed that the full

objective / + h is smooth, but we are not aware of cases where this holds in practice for VI and in our
parameterization (Eq. 2) this cannot be true if log pis smooth.

The third issue is the lack of a uniform noise bound. Most non-smooth convergence guarantees within
stochastic optimization [42] assume that the noise of the gradient estimator is uniformly bounded
by a constant. But this does not appear to be true even under favorable assumptions—e.g. it is
untrue if the target distribution is a standard Gaussian. The best that one can hope is that the gradient
noise can be bounded by a quadratic that depends on the current parameters W, and—depending on
the estimator—even this may only be true when the parameters are in the set Wy - Thus, our main
optimization contribution is to provide theoretical guarantees for stochastic algorithms under such a
specific noise regime, which we make precise in the next definition.

Definition 5. Let @ be a differentiable function. We say that a random vectorg is a quadratically
bounded estimator for ¥ at W with parameters (a, b, W), if it is unbiased E [g] = W(w) and if
the expected squared norm is bounded by a quadratic function of the distance of parameters W to W",
ic. Elgiasamw-w 12+p,

The noise bounds derived in Section 2.2 for the estimatorsgenergy > Jent» and gst.  imply that they

are uniformly quadratically bounded estimators. See Appendix 8.2 for a table with the corresponding
constants @ and b.

3 Stochastic Optimization with quadratically bounded estimators

In this section we give new convergence guarantees for the Prox-SGD algorithm and the Proj-SGD
algorithm with quadratically bounded gradident estimators. Because these may be of independent



interest, they are presented generically, without any reference to the VI setting. We specialize these
results to VI in Section 4. For both algorithms, we present results assuming the problem to be strongly
convex or just convex. All proofs for this section can be found in the Appendix (Sec. 9).

3.1 Stochastic Proximal Gradient Descent
Here we want to minimize a function which is the sum of two terms | + h , were both / and P are
proper closed convex functions, and/ is smooth. For this we will use stochastic proximal gradient.

Definition 6 (Prox-SGD). Let WO be a fixed initial parameters and letY; Y2, - ‘be a sequence of
step sizes. The stochastic proximal gradient (Prox-SGD) method is given by

t
W =prox,,, W V9 |

where &' is a gradient estimator for V(w t), and the proximal operator is defined as

. 1 _ 2
proxyn (w) := argn‘)m h(v) + 2T/uw VI3

Theorem 7. Let | be a U-strongly convex and M -smooth function, and let W argmin(/) . Let
h be a proper closed convex function, and let W* = argmin(/ + h) Let (W')en be generated
by the Prox-SGD algorithm, with a constant stepsize y € 0, min{ E ﬁ} . Suppose that &' is a

quadratically bounded estimator (Def. 5) for I with parameters (a, b, W). Then,

* * 2 Ny,
E wi+! —w 25(1_)//-1)7— wol —w 2.{.7)/ b+M2||W W||§ . (11)
Alt tively, if the d ) tepsize Yt = min K1 2t th
7 z - 22 U (t+1)2
ernaltively, 1f we use e decaying siepsize ¥yt 2a I-'l (t+ 1) 2 en
\ 16/ a/u? I . 8 R
Ew! —w* 12 < T||W0—W 12 4 T b+M2w' -wiZ . (12)

In both cases, T = O(€ ~) iterations are sufficient to guarantee thatEiw’ —W*12 < €.

The above theorem gives an anytime 1/T rate of convergence when the stepsizes are chosen based
on the strong convexity and gradient noise constants M and &. Note that we do not need to know
precisely those constants: We show in Appendix 9.3 that using any constant step size proportional to
T/log Tleadsto alog T /T rate.

Theorem 8. Let | be a proper convex and M -smooth function. Let h be a proper closed convex
Sfunction, and let W* ¢ argmln(l +h) . Let (W')ien be generated by the Prox-SGD algorithm, wzth a
constant stepsize y € (0, ] Suppose that 9" is a quadratically bounded estimator (Def. 5) for V1
with parameters (a, b, W). Then,

0— x| 2
Ef(W)-inff sy ao 1 WT" +b
(1-6")
where 8 €' # aw’" % ﬂjﬂ In particular, ify = 1L then
1+ 2ay? T 6 P Y= T
E f(W) —inff < L oam®-wiZep  vT2max M= 2
ar - a’

Thus, T = O(€ 2 iterations are sufficient to guarantee thatE f(W') —inff <€

3.2 Stochastic Projected Gradient Descent

Here we want to minimize a function f over a set of constraints W, where W is a nonempty closed
convex set and [ is a proper closed convex function which is differentiable on W. To solve this
problem, we will consider the stochastic projected gradient algorithm.



Definition 9 (Proj-SGD). Let W? be some fixed initial parameter, and let Y4, Yo, - - ‘be a sequence of
step sizes. The projected stochastic gradient (Proj-SGD) method is given by

wt' =proj w W Vg,
where 9" is a gradient estimator for Vi(w '), and the projection operator is defined as

projw (w) = argmin v —wi 3.
veW

Note that we do not requiref to be smooth, meaning that this setting is not a particular case of the
one considered in Section 3.1. In fact, the arguments we use in the proofs for Proj-SGD are more
closely related to stochastic subgradient methods than stochastic gradient methods.

Theorem 10. Let W be a nonempty closed convex set. Let T bea H-strongly convex function,
differentiable onW . Let W* = argmln w(f). Let W')en be generated by the Proj-SGD algorithm,
with a constant stepsize y € 0, mln{ 25 “} Suppose that &' is a quadratically bounded estimator

(Def. 5) for VB with parameters (a, b, W). Then,
2 Wl o—we 2, 20

Ew -w" "< q- + == 13
2 H (13)
Alternatively, if we use the decaying stepsize Yt = min K, 22t then
ively, i i ize Yt = —_———
4 ying stepsize it 2a I (t+1)2
T _ w2 32a 0_ w2 16b
E w’ -w 2 < szzuw W2 4+ BT (14)

In both cases, T = O(€ ~") iterations are sufficient to guarantee thatE\w ™ —W*12 <€,

Note that Eq. 13 is a sum of two terms: one that decays exponentially inT and one that decreases
only when the stepsize Y is sufficiently small. This has an important consequence: if one uses the
gradient estimator gsti. and the target distribution is exactly a Gaussian, thenb = 0 (Appendix 8.2),
meaning that the algorithm will converge at an exponential rate. This is similar to many results in the
stochastic optimization literature showing faster rates hold when interpolation holds [35].

Theorem 11. Let W be a nonemply closed convex set. Lett be a convex function, differentiable on
W Let W* e argminy (f). Let (W' )teN be generated by the Proj-SGD algorithm, with a constam‘
stepsize y € (0, +) . Suppose that 9 isa quadratically bounded estimator (Def. 5) for f at w!

with constant parameters (@, b, W). Then,
!

th/T 'fi<yaW0_Vw2

A A

P 7o
o+ it v _
where 8 €' 1+1ay dw % _g T . Finally ify = JTﬁZ'a"dTZZ then
v
_r , 2a . b
Ef(W) —inffs Aow0-wi2e . (15)
T 2aT

Thus, T = O(€ ~2) iterations are sufficient to guarantee thatE f(W') —inff <€

4 Solving VI with provable guarantees
We now specialize the optimization results of the previous section to our VI setting. We aim to
minimize the negative ELBO, f: R I%xV-LRu {+o} | which decomposesasf=/+h where
Iw)=-E logp(z,x) and h(w)=E loggv(z)ifC >0, +o otherwise, (16)
z~-qw z~-qw
and where Y is the vector space of matrices in which the covariance factors C belong. Under the

assumption that the log-target log p(-, x)is M -smooth and concave, we propose two strategies to
minimize this objective. All the proofs for this section can be found in Appendix 10.



1. Apply the Prox-SGD algorithm to the sum / + h , using a proximal step with respect to 1, and a
stochastic gradient step with respect to I, The gradient of I will be estimated with Jenergy (5),
which is globally quadratically bounded. The prox of N admits a closed form formula if we
choose that V is the space of lower triangular matrices.

2. Apply the Proj-SGD algorithm to minimize f over Wy . The gradient of f will be estimated
using either gent (7) or gstL (9), both of which are quadratically bounded onW . The projection
onto Wy admits a closed form formula if choose that V' is the space of symmetric matrices.

Corollary 12 (Prox-SGD for VI). Consider the VI problem where Qw is a multivariate Gaussian
distribution (Eq. 2) with parameters w = (m, C) € R % T and assume that this problem
admits a solution W* . Suppose that 1og p(-, X)is M -smooth and concave (resp. U-strongly concave).
Generate a sequence W' by using the Prox-SGD algorithm (Def. 6) applied to anc{)h (Eq. 16), using
Genergy (5) as an estimator of V. Let the stepsizes Yt be constant and equal to 1/( Qenergy T ) (resp.
be decaying as in Theorem 7 with @gnergy = 2(d + 3)M 2). Then, for a certain average W' of the
iterates, we have for T =2 2 that y

Ef(W)-inff =01/ T) (resp. E W' —=w"12 =0(1/T) )

Corollary 13 (Proj-SGD for VI). Consider the VI problem where Qu is a multivariate Gaussian
distribution (Eq. 2) with parameters w = (m, C) € R 9% S9 and assume that this problem admits a
solution W* . Suppose that 10g p(-, X)is M -smooth and concave (resp. H-strongly concave). Generate
a sequence W' by using the Proj-SGD algorithm (Def. 9) applied to the functiof = I+h  (Eq. 16) and
the constraint Wy (E% 3), using Qent (7) or gs1L (9) as an estimator of VF . Let the stepsizes Yt be
constant and equal to - 2/(@T ) (resp. be decaying as in Theorem 10) with @ = @ eny = 4(d + 3)M ?
ora=ast. =24(d+ 3)M 2. Then, for a\/certain average w’ of the iterates, we have for T = 2 that

Ef(W)-inff =001/ T) (resp. E W' =w*13 =0(1/T) )

Corollary 14 (Proj-SGD for VI - Gaussian target). Consider the setting of Corollary 13, in the
scenario thatlog p(-, X)is H—strongly concave, that we use theQst. estimator, and that we take a
constant stepsize Yt =y € 0, min{ ﬁ, %} . Assume further that p(-|X) is Gaussian. Then,

;
Ewl-wi3 < 1_% wo - w*i3.

Let us now discuss the practical implementation of these two algorithms (more details and an explicit
implementation of the methods are given in Appendix 10.2). These require computing either the
proximal operator of the neg-entropy N, or the projection onto the set of non-degenerate covariance
factors Wy . These can be computed [13] for everyw = (m, C) as:

* proxyn (W) = (m, C + AC) , where AC is diagonal with AC i = %(p CZ+4ay-Ci ),\/
« projw (W) = (m, U DUT), where C has the SVD C=UDU " and Dji = max{D i, 1/ M} .

Our theory for the Prox-SGD algorithm formally assumes that the covariance factor C lives in

the vector space of lower-triangular matrices. This can be implemented by letting C € R > and
"clamping" the upper-triangular entries to zero throughout computation. Then the gradient Genergy (5)
can be computed using automatic differentiation, and the proximal operator can be computed as in the
above equation. Or, one may choosew = (m, ¢) where ¢ € R™(@*W2 s the lower-triangular entries
of the matrix so C = tril(c) . Gradients with respectto w = (m, ¢) can again be estimated using

automatic differentiation (including the tril operator), and the proximal operator can be computed by

forming C, using the above formula, and then extracting the lower-triangular entries.

Similarly, our theory for the Proj-SGD algorithm formally assumes the covariance factor C lives
in the vector space of symmetric matrices. This can be implemented by letting C € R dxd , com-
puting the gradient estimator Qent (7) or gs1L (9) over the reals using automatic differentiation,
and "symmetrizing" C throughout computation. That is, set C « %C + %CT after applying each
gradient update, right before projection. Or, one may choosew = (m, ¢) where ¢ € R*>*(@*12 g
the lower-triangular entries of the matrix, so C = symm(c) , where symm is a function similar to tril

except creating symmetric matrices. The gradient estimator Qent (7) or gsti (9) can be computed



using automatic differentiation (including the symm operator). In this case, to project one would first
form C, then use the above formula, and then extract the lower-triangular matrices.

In terms of cost, computing log gv(2) or Tw(u) needs ©(d?) operations. Computing the prox ofh
requires d operations, but in contrast projecting onto Wy requires diagonalizing a symmetric matrix,
which takes ©(d®) operations. We note that this is not necessarily an issue, because 1) eigenvalue
decomposition has excellent computational constants in moderate dimensions; 2) computing the target
log p(z, x) may itself require @(d®) or more operations; 3) it is common to average a “minibatch” of
gradient estimates, meaning each eigenvalue decomposition computation is amortized over many
ELBO evaluations. Still, in high dimensions, when log p(z, x)is inexpensive, and small minibatches
are used, computing such decomposition in each iteration could become a computational bottleneck.
In this scenario, the Proj-SGD algorithm is clearly cheaper, with its @(d) cost for the proximal step.

5 Discussion

While this paper has focused on convergence with dense Gaussian variational distributions, the results
in Sec. 3 apply more generally. It is conceivable that the necessary smoothness, convexity, and noise
bounds could be established for other variational families, in which case these optimization results

would provide "plug in" guarantees. We suspect this might be fairly easy to do with, e.g., elliptical

distributions or location-scale families, using similar techniques as done with Gaussians. But it may
be difficult to do so for broader variational families.

If — log pis strongly convex and smooth, another proof strategy is possible: Smoothness guarantees
that W= € Wy and strong convexity guarantees thatW" e {w : iw - WI3 < d/l} . So one could

do projected SGD, projecting onto the intersection of these two sets. The negative ELBO would be

strongly convex and smooth over that set, and since Iw — WI 5 is bounded, gradient noise is upper-
bounded by a constant, meaning classical projected SGD convergence rates that assume smoothness,

strong convexity, and uniform gradient noise apply. However, projecting onto the intersection of
those sets poses a difficulty and this uniform noise bound may be loose in practice.

Several variants of the gradient estimators we consider have been proposed to reduce noise, often
based on control variates or sampling from a different base distribution B0, 37, 43, 44, 45, 46, 47,
48, 49, 50]. It would be interesting to establish gradient noise bounds for these estimators.

Various VI variants have been proposed that use natural gradient descent. It would also be interesting
to seek convergence guarantees for these algorithms.

VI can be done with “score” or “reinforce” gradient estimators [ 6, 8], which use the identity

Vv LE @) =E  $(2)Vwlog G (z)

z-q

in place of how we used Eq. 4 for the “path” estimators we considered. While path estimators
often seem to have lower variance, this is not alyays true: Take an unnormalized log-posterior¢(z)
where Z is scalar. Now, define® (z) = ¢(z) + € sin(z/€), where € is very small. Then, ¢ and
represent almost the same posterior, and score estimafors for them will have almost the same variance.
Yet, the derivative of the added term is cos(z/€)/ €, so a path estimator for ¢ will have much
higher variance than one for 9. This underlines why smoothness is essential for our guarantees—it
excludes posteriors like ¢ . Future work further unravel when score estimators perform better than
path estimators.

One attractive feature of VI is that data subsampling can often be used when computing gradients,
decreasing the cost of each iteration. While we have not explicitly addressed thgg, our proofs can be
easily generalized, at least for target distributions of the form p(z, x) = p(z) - pP(xn|z). The
only issue is to bound the noise of the subsampled estimator. While our gradient variance guarantees
use Theorem 1 from [20], a more general result [20, Theorem 6] considers data subsampling. Very
roughly speaking, with uniform data subsampling of 1 datum of a time, the gradient noise bounds in
Thms. 2 and 3 would increase by a factor between 1 (no increase) and the number of data, depending
on how correlated the data are—Iless correlation leads to a larger increase. (More precisely, the second
term in Thm. 3 would not increase.) These increases would manifest as larger constants & and Pin
the quadratic bounds, after which exactly the same results hold. However, it is not obvious if the
bound for gst. in Thm. 4 can be generalized in this way.
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6 Notations

We noteM 9 the space of 0%d matrices, S the subspace of symmetric matrices, and T 7 the subspace

of lower triangular matrices. We use W ={m, C)eW:0 min(C)= l’—} to denote the set
ﬁarameters with positive definite covariance matrix whose singular values are greater or equal to
a
object description
X observed variables
zeRY latent variables
p(z, X) target distribution
w=(m, C) variational parameters (Im € RéandCeM 9, & o Td)
Gv(z)=N(zlm,CC ) Gaussian variational distribution

Iw)=-E .4, logp(z, x) freeenergy

h(w) =E .4, log q(z) negative entropy

f(w) = I(w) + h(w) negative ELBO

W* = argmin (w) + h(w)  optimal parameters

w=(z 0) MAP parameters (Z € argmax; p(z, X))
V[g] = tr C[g]. variance of vector-valued random variables

7 VI problems and their structural properties
This section contains the proofs of all the claims made in Section 2.

7.1 Modeling the VI problem

We recall and detail here the setup of our problem. Given a target distribution P and observed data X,
we want to solve the following Variational Inference problem

min KL (qwip(-[x)) , (VD)
where Qv is a multivariate Gaussian variational family, whose density may be written as
1 1
7)= p exp ~=IC'z-mn?2 , w=(m,C). 17
@)= PorameT P T3¢ @) (m, ) (a7

We make the assumption (VI) has a non-degenerated solution, i.e. a solution for which the covariance
matrix is invertible.

We will impose that our parameters have the formw = (m, C) e R 9xV where V is some vector
subspace of M d, the space of d % d matrices. On top of that, we will also want the covariance factor
to be positive definite. In other words, we will impose that our parameters are taken from the set

W:={(m, C)eR YxV:C> 0}

For the sake of simplicity, the reader can assume for most of the paper that V = M ¢ But when

coming to analyze our algorithms, we w111 see that we should take either V=T (the subspace of
d % d lower triangular matrices) or V = S (the subspace of d X d symmetric matrices). This choice

is dictated by two reasons: it guarantees that our problem remains convex (see Lemma 19), and it
lowers the computational cost of our algorithms (see Section 10.2). Fortunately, requiringC to be

symmetric (or triangular) and positive definite does not change our problem, as stated in the next
Lemma.

Lemma 15 (Equivalent problems for trlangular/symmetrlc covariance factors). Suppose that W €
RIXM % is such that Gw minimizes KL (qwip(-[x)) over RI*XM 9. Then there exists W* =(m* C)
such that O and Qw- have the same distribution, with C* being positive definite and symmetric (or
lower triangular).
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Proof. Write w= (M, 5), and take M* = M. LetZ = CCT . Since we assumed that (VI) has a
non-degenerated solution, we can assume without loss of generality that is invertible. Therefore
we can apply the Cholesky decomposition and writeX = C “(C*) ", where C" is lower triangular

and positive definite. We can also defineC* = ( £) 2 to obtain a symmetric and positive definite
factor. J

Once restricted to W, our problem (VI) becomes equivalent to

min I(w) + h(w), (18)

w=(m,C)eR 9%V

where

* l(w) =-E 24, 109 p(z, x)is the free energy ;

—-logdetC ifweW
+00 otherwise

« h(w) =

This equivalence is mostly standard, but we state it formally for the sake of completeness.
Lemma 16 (VI reformulated). Problems (V1) and (18) are equivalent.

Proof. Letw =(m, C) € W , and let us show that kL (qwIp(-|x)) = [(w) + h(w) . By definition of
the Kullback-Liebler divergence, and usingp(z|x) = p(z, x)/p(x) , we can write

W@ L o, W@

| =
2qu 9 pEk)  zaw 0 p(z X)

E loggv(z) —-E logp(z x) + E log p(x)
Z~qw Z~qw z~qw
,E log gv(z) + I(w) + log p(x).

KL (quw Ip(-1x))

If we note H(X) the entropy of a random variable, we can see thatE, ¢, log gv(z) = -H(z) where
Z ~ gw. We can rewrite Z via an affine transform as z = Cu + m with u ~ N (0, /) , so we can use
[51, Section 8.6] to write (see also the arguments in [13])

H(z) = H(u) + log | det C|.

Here H(u) , the entropy of u, is a constant equal to (d/2)(1 + log(217) . Moreover since W € W | we
know that C > 0, which implies that log | det C| = log det C Because log p(x) and H(u) are both
constants, we deduce that minimizing KL (qw 1p(-|x)) over W € W is equivalent to minimizing/ + h ,
where h(w) = — log det C if W € W and +00 otherwise. O

We emphasize that working with a triangular or symmetric representation for C is not restrictive, and
that doing computations in this setting is pretty straightforward, as we illustrate next.

Lemma 17 (Computations with triangular/symmetric covariance factors). Let V' be a vector subspace
of M 4 Let o: RIXM @ | Randlet®v :R?x V - R be the restriction of 9 to RY X V. Then:

1. If 9 is convex then Yv is convex.

2. If$ is differentiable then®v is differentiable, with V9 v (w) = proj raxy (V(W)) . In particular,
IVO v (W)I < 1ve(w)l

3. If9 is M -smooth over Q c RYXM 9 then §v is M -smooth over Q n (Rd x V).

4. projsa(C)=(C+C ")/2, and projr¢(C) =tril(C) , wheretril(C) sets to zero all the entries
of C above the diagonal.

Proof.

1. This is immediate due to the fact that V' is convex, since it is a vector subspace of M a
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2. Leti:RIxV Lo RIxXM 4 I((m, C) = (m, C) be the canonical injection. Then we clearly
have §v = ¢ o 1 . Moreover, ! is a linear application whose adjoint is ! * is exactly the orthogonal
%rOJectlon prOj rRixv . So the computatlon of the gradient follows after applying the chain rule :

V¢(I(W)) proj grexv (VB(w)) . As for the norm, it suffices to observe that the
orthogonal projection is a linear operator with norm less or equal than 1.

3. Using that the orthogonal projection is a contractive map gives

IV v (W) = W v(W)l =1proj gexy (VW) = proj gexy (V(w )i
<ivew) - Ww  NsMw-w I

4. This is a standard linear algebra result.

7.2 Smoothness and convexity for VI problems

Now we state the main smoothness and convex properties for VI problems. We will see in our
analysis that the smoothness properties often revolve around the following subset of W

Wy ={(m, C)e W: 0 mn(C) %},

v

where Oin, (C) refers to the smallest singular value of C.
Lemma 18 (Smoothness for VI). Assume that log p(-, X)is M -smooth. Then

1. l'is M -smooth.
2. his differentiable over W, with Vh(w) = (0, — proj v(C™")) forallwe W,
3. his M _smooth over Wi ={(m, C) e W: G min (C) 2 1’7,7}

Proof.

1. Combine [13, Theorem 1] with Lemma 17.3.
2. Combine the fact that the gradient of — log det at a matrix X is =X ™" with Lemma 17.2.
3. Combine [13, Lemma 12] with Lemma 17.3.

O

Lemma 19 (Convexity for VI). Assume that —10g p(-, X) is convex (resp. H-strongly convex). Then

1. lis convex (resp. H-strongly convex).

2. Ifv=S 9 then h is closed convex, W is convex, and W is convex and closed. Moreover,
W= (mC)eRY*SY: 1 in(C)>0 and Wy = (m, C)eRY*S?: ) n(C) 2 ﬂm
3. Ifv=T @ then h is closed convex and W is convex. Moreover
W={m,C)eR IxT9:C has positive diagonal }-
4. IfV=M @ then h can be not convex.

Proof.

1. Combine Titsias and Lazaro-Gredilla[17, Proposition 1] (resp. Domke [13, Theorem 9]) with
Lemma 17.1.
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2. Convexity ofh follows from [52, Example 7.13 and Theorem 7.17]. Convexity of W comes from
the fact that it is essentially the set of symmetric positive definite matrices (which is equivalent to
Amin (C) > 0)). Let us now prove that Wy is convex and closed. First we notice that, because of
symmetry, we can rewrite Wy as

Wy ={(m,C)eR *xS? : A, (C) = ALM}-

This set is closed because A is a continuous function. To see that Wa is convex we are going
to use the fact that A, is a concave function. Take C1, C, € Wy | a € [0, 1] and write

Amin (1 = a)C 1 +aC ) min (1 - a)C 1 + aC )z, 2)

1z1=1

= mi1n (1-0a)XC1z, 2) + xC2Z% 2
1zi=

2 min (1-a)(C 1z, 2) + min ®C,Z, 2)
1z1=1 1Z1=1

1
_ . . VAR
(1 a))\ min (C1) +aA min (CZ) 2 M

3. Here W={(m, C) e R IxTd . C» 0} . Using Sylvester’s criterion, it is easy to see that a
lower triangular matrix is positive definite if and only if its diagonal has positive coefficients.
In other words, W = {(m, C) e R IxTd . Cj > 0} , which is clearly convex. It remains to
verify that h is closed convex even if W is not closed. For all w = (m, C) € R 9x T4 we can
use the triangular structure of C to write

xd
h(w)=-logdetC+dw(w)= —log Cii +9(0,+e) (Cii ),
=1
where we used the notation O for the indicator function of a set A, which is equal to zero on

A and +e0 outside. Since = l0g(t) + & 0+ (f) is a closed convex function, we see thatN is a
separable sum of closed convex functions, and thus is itself closed and convex.

4. Let d=2 , let | be the identity matrix, let R= 4,' be arotation matrix, and define
¢ : R - Rwith () = h(I + tR) . Observe that ¥ is well defined because / + tR > 0 for all
t € R. On the one hand, if N was convex, then ¥ would be convex too, as it is a composition
of a convex function with the affine functionf Z. [ + tR . On the other hand, we can compute
explicitly that ¢s(t) = — log(1 + t 2), which is not convex.

O

Lemma 20 (Solutions of VI). Assume thatlog p(-, X)is M -smooth, and that V = M 4896 TY
Then argmin(f) c W v :={(m, C) e W: 0 min (C) 2 Lt}

Proof. IfW* =(m *, C*) e argmin(f) , thgn W" is in the domain ofh, which is W by definition ofh.
So it remains to prove that Opin (C*) 21/ M _ When V=M 9 this is proved in [13, Theorem 7].
Suppose now that V= S a meaning that W* is a minimizer of f over W c R 9 x S9 We see that W*
must also be a minimizer of f over R XM 9 because if there was a better solution = (™M, C) with
CeM 9 we could consider (CCT)"2 € S? which would itself be a better solution than C*y which
is a contradiction. So we can apply [ 13, Theorem 7] to W* to conclude that Oy, (C*) 21/ M. If
V=T % we can use the same argument, using this time the Cholesky decomposition of CCT. O

Lemma 21. Letw = (m, C) with C invertible. Then 109 G is Omin (C) ~2 -smooth.

Proof. According to the definition of Gv (see (17)), the Hessian of log gv is V2(log gv)(z) =
—(cC "), and so IV 2(log gv)(2)1 = T max ((CC ")) =0 min (C) 2. O

18



7.3 A case study : linear models

Table 2: Table of models

Model Smoothness constant Strong convexity constant Convex
Bayesian linear 1+ 2 0max (A)2 1+ 500 (A)2 yes
regression (X =1 )

Logistic regression 1 + %Umax (A)2 1 yes
=1

Heirarchical exists n/a yes

logistic regression

Definition 22. A twice differentiable functionf is M -smooth it =MV 2f<MI
Definition 23. A twice differentiable functionf is U-strongly convex V2f = ul

Theorem 24. Take a generic i.i.d. linear model defined as p(z, X) = p(z) Q g=1 p(xn 2, @), where
p(z) =N (2|0, ¥) and

p(xnlz &) =exp-pz @ X,
for some functlon . Su pose that the second derivative of @ with respect to its first (scalar) argument
is bounded by hmin S ép 6 nax - Let

H d=6f )‘m' 2_1 "'eminAAT

n

B ¥ A ST+ 0 AAT

max
where A is a matrix with @n in the N-th column. Then

- log p(z, x) is M -smooth over Z for M = max (||, |8]) .
2. Ifu =0 then —log p(z, x) is convex overZ

3. If u >0 then —log p(z, X) is H-strongly convex overZ.

Proof. 1t is easy to show that

V29(z" @ Xn) = ¢ (Z' @, Xn)andy
from which it follows that X
-V2logp(z,x)=£ '+ ¢ (2" @ Xp)ana, .

Now, take some arbitrary vectorV. We have that X
_ 2
vl =VZ2i0gp(z,x) vV =v "= 'v+ b, Via,

n

- 2
2v "7+ Bin v'a,

!
=v T 2" +0mn apa, v,
n
=v " " +0,;, AAT v,
Similarly, we have that

vi =VZlogpz,x) vV =v "£'v+ b Vi,
n

SV TZ_1V+emaX VTan

2

2

><3

=v " I+ 0 apa, v,
n

=v I 40 AAT V.
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Putting both the above results together, we have that
7 4 0mnAAT =V Zlog p(z, X) ST+ Bmax AA T

This implies that all eigenvalues of —V 2 log pare in the interval [u, 8]. All the claimed properties
follow from this:

« For any eigenvalue A of VZlog p(z, x), we know that  A;(VZlog p(z, x)) <M=
max (|u|, |B|) . Thus, log p(z, x)is M -smooth over Z.

« If u20 , thismeansall eigenvalues of ~V Zlog p(z, x) are positive, which implies that
- log p(z, x) is convex.

« If u >0 , then all eigenvalues of —V Zlog(z, x) are bounded below by @, which impiles that
- log p(z, x) is H-strongly convex.

O
Corollary 25. Take a linear regression model with inputs @n € R ¢ and outputs Xn € R. Let
p(2) =N (2|0, %) and p(xn|z) =N x|z Ta@n, B forsome fixed 0. Then —log p(z, x) is M-
strongly convex forfl = A mn L1 + %AA " and M -smooth for M = A max (271 + %AA .

Proof. In this case we have that

$(z @ %) =-logp(x nl2)
1 . 1
= 55 X274 = 5 log(2m).
Or, more abstractly,
1 1
9@ ) = 55(@-p)*~ ;log2nd).
: 1
¥(@p) = g@-B)
" 1
V@p = &

Thus we have thatBi, = Omax = a17 It follows from Theorem 24 that — log p(z, x) is H-strongly
convex forff =A min =" + HAAT and M -smooth for M = A o 7' + HAAT .

In the particular case where 2 =/ ,we getthat y =A n I+ %AA To=1+ U%Umin (A)? and
M=2A max(1+ xAATY =1+ 10, (A)2 O

g2

Corollary 26. Take a logistic regression model with inputs@n € RY and outputs Xn € {-1, +1} .
Let p(z) =N (z]0, £) and p(xn =1]z) = Sigmoid(x nZ" @) =1/1+exp(-x nZ'&)). Then
—log p(z, x) is H-strongly convex for U=A min £' and M -smooth for M=A ax (7" +
1AAT)
o .

Proof. In this case we have that

(2" an: %)

—log p(x n|z)
log 1+exp(-x nZ'a) -

Or, more abstractly,

¢(a, B) =log (1 +exp(-ap))

, _ B
R )
. 2

(1 +exp(ap)) 2
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The second derivative is non-negative and goes to zero ifd — =® ora - +oo . Itis maximized
at@=0 inwhichcase § = 432 But of course, in this model, the second inputis =X n €
{-1, +1}, meaning B? = always. Thus we have that 8;, =0 and 6,5 =1 . It follows from
Theorem 24 that — log p(z, x) is H-strongly convex forff =A min £~ and M -smooth for M =
A >+ %AA T

max

In the particular case where =/ , weget that u=1 and M=A (1 + %AA Ty =1+
10 . (A)2. O
4 ~max (A)

Q
Theorem 27. Take a heirarchical model of the formp(B, z, x) = p(6) p(Z: 16)p(xil6, Z), where
all log-densities are twice-differentiable. Then,log p(8, z, X)is smooth joi Vy over (8, z) if and only
if the spectral norm of the second derivative matrices Vegr log p(6, z, X) oz log p(6, z: Xi), and

Vz, z7 10g p(B, z. Xi) are all bounded uniformly over (6, z).

Proof. The following conditions are all equivalent:

1. log p(6, z, x)is smooth as a function of (6, z)

2. V2logp(b, z, x) , 1s bounded above (uniformly over (6, Z), where V2 denotes the Hessian
with respect to (6, z) and Il , denotes the spectral norm.)

3. V2logp(8, z, x) is bounded above (uniformly over (8, z), where V2 denotes the Hessian with
respect to (6, z) and I'l denotes a block infinity norm on top of spectral norm inside each block.

4. VSBT |Og p(er Z, X) 2 ng.T |Og p(@, Z, X) and VZ

zzT

log p(B, z, x) are all bounded
2

above (uniformly over (8, z))

5. V2. log p(6, z, x) s ‘72 21 log p(6, z, X) ,and V2 . log p(B, z, x) are all bounded
i4j 2

above (uniformly over (6, z))

6. V3. logp(6, zx),, \752; log p(8, z, Xi) ,>and vz 27 1og p(6, z, x) are all bounded

above (uniformly over (6, z))

7. V3. logp(6, z, X) ,, ngT log p(6, z, %) > and VZ . log p(6, z. X;) , are all bounded

above (uniformly over (6, z))
O

Corqljary 28. Take a hierarchical logistic regression model defined by p(6, z, x) =
p6) ip(zil|6) ; p(xi |Zi) where {0, Zi} € RY Xj e {-1,+1} , and

6 -N(0,2)
Zi ~N(6,A)
Xj  ~px jlzi)
p(xj =1)zi) =Sigmoid(x j Z' &),

where Sigmoid(b) = - Then, —log p(6, z, X)is convex and smooth with respect to (6, Z).

1+exp( b)

Proof. 1t’s immediate that — log pis convex with respect to (6, z). We can show that this function is
smooth, by verifying the three conditions of Theorem 27.

« V3, logp(, z x)=-2 " = A" is constant.

¢ ngf log p(B, z Xi) = A = is also constant.

21



* p(zi|6) is a Gaussian with constant covariance, so is smooth with a constant independent of 6.
And we can write that log p(xj |Zi) =log 1 +exp -x jZ & . This function is also smooth
over Z with a constant that doesn’t depend on . Thus log p(z|6) + j log p(xj Z) is smooth
over Zj with a smoothness constant that is independent of 8.

O

8 Estimators and variance bounds

We remember that unless specified otherwise, we consider thatw = (m, C) € R 9%V where Visa
vector subspace of M a

8.1 Variance bounds for the estimators

Theorem 1. Let_Tw(u) =Cu+m forw=(m,C).Let¢: RY - R beM -smooth, suppose that 9
is stationary at M, and definew = ( m, Q). Then

N%I) IV wd(Tw(u)i 5 < (d+1)M 2im="Mi3+(d+3)M 21C1 2 < (d+3)M 2w - W3.
u-N (0,

Furthermore, the first inequality cannot be improved.
Proof. This bound is proven by [20, Thm. 3] in the case that V = M ? We conclude that this bound
holds for every subspace V of M 9 by using the inequality in Lemma 17.2. 0O

Theorem 2. Suppose thatlog p(-, X)is M _smooth and has a maximum (or stationary point) atm,
and definew = (m, 0). Then, for every W and every solution W* of the VI problem,

E Igenergy (U)15 < (d+3)M 2w -} (6)
<2(d+3M 2w-w *||§ +2(d + 3)M 2Iw* _T/vug.

Proof. Tt is a direct consequence of Theorem 1 and Young’s inequality
= (d + 3)M 2||w—w*+W*_T/vu§
<2(d+3M 2||w—w*||§+2(d+3)M2||w*_T/vn§.
O

Theorem 3. Suppose that log p(-, x)is M -smooth, that it is maximal at M, and define w = (' m, 0).
Then, for every L >0, for every W € W and every solution W* of the VI problem,

Elgent (U153 <2(d+3)M 2w - WIZ+2dL (8)
S4d+3M W -W 12+ 4(d+ 3)M 2w’ - WI2 + 24

Proof. The difference between gent and Jenergy is the addition of the constant vector Vh(w) . Thus,
we have that

E Igenergy + Vh(W)1 >
S 2E IGnergy |2+ 2 E IVh(W)I 5

E "gent I 5

N

2(d + 3)M 21w - Wi3 + 2 ivh(w)l 5-

INS

It remains to bound the final term. We can do this using the closed-form expression for the entropy
gradient (see Lemma 18.2), plus the assumption thatW € W ¢ W' to see that

22



Ivh(w)l 2 =1proj v(C' )Ni?
< cT?
X "
g )?

gi(C) 2

f_\

We conclude with Young’s inequality
Eigent!2 <2(d+3)M 2iw-W2+qL
=2d+3)M ZIW-W'+w -W3+dl
SHd+3M  ZIW=W 12+ 4(d+3M 2IWT - WIS +dlL,

For the next Theorem, we will need the follwing technical Lemma :
Lemma29. Letu~N (0, 1), A€M 9 andb e R®. Then

E1Au + bi 2(1 + 1ut 2) = (d + 1)1b1 2 + (d + 3)1AI 2.

Proof. Develop the squares to write
ElAu+bl 2(1+1ul 2) = E (1Aul 2+2(A " b, w+ibl 2+1Aul 21ul 2+2¢A " b, ului®>)+ibi 2iun 2.

Since Eu = 0 , we immediately see that E¢AT b, uy = 0. Because of symmetry, the third-order
moment Eulul 2 is also zero, so we obtain E(A ™ b, ului?) =0 . We also have the second-order
moment Elul 2 =d , which means that Eibi2iui 2 = dibil 2. For the other terms, we use the
identities
Euu' =/, Euu'uu' =(d+2),
from [20, Lemma 9] It allows us to write
ElAui 2 =Etr(A "Auu')=tr(A "A)=1AI %,
ElAul 2?2 =tr(A  "Auu'uu’)=(d+2)IAI 2.

The conclusion follows after gathering all those identities. O

Theorem 4. Suppose that 1og p(-, X)is M -smooth. Consider the residual r(z) :=log p(z, x) -
log gv- (2) for any solution W* of the VI problem, assume that it has a stationary point M, and define

W = (M, 0). Then I' is K -smooth for some K € [0, 2M ], and for allW € Wy,
E Igsm. ||§ <8(d+3)M 2w-wI12+2(d+3)K 2IIW—"W"g (10)
SAd+3)(K Z+2M 2w -w 15 +4(d +3)K 2w’ - wiZ.

Moreover, ifp(-|X) is Gaussian then K =0 .

Proof. Let W€ Wy be fixed. For the duration of the proof, we take V to be a second copy of W
(held constant under differentiation with respect to W). Now, we can rearrange the estimator in Eq. 9
by making appear Qw- (Tw(u)), namely

Qv (Tw(u)) _ Qv (Tw(u))
P, x) " 1°9G, T (u))

G- (Tw(u))

+Vwlog St %)

OsTL (U) =Vw Iog
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Introducing ¢(2) :=log qv(z) — log qw- (2), and recalling r(z) = log p(z, x) — log gw- (), we have
gstL = Vwé(Tw(u)) = Vwr(Tw(u)).

We assume thatlog p(-, X)is M -smooth, and that V=M 9, T? or S?, which implies that W* € Wy

(see Lemma 20). This in turn guarantees that log gv- is also M -smooth (see Lemma 21). Thus, I is

the sum of two M -smooth functions, so it is K -smooth with K € [0, 2M ]. Using Young’s inequality,
together with Theorem 1 applied to!, we obtain

Eulgst. (U112 <2E IV wr(Tw(u))i 2+ 2E,1V wé(Tw(u))i 2
<2(d+3)K 2w —"WIZ+2E,IV wd(Tw(u)i 2 (19)

where W = ( M, 0), with M being a stationary point of/. Now it remains to control the last term of
inequality (19). Apply the chain rule onto @(Tw(u)) to write (with the help of Lemma 37)

Vwd(Tw(u)) =V 2¢(Tw(u)), projv (Vz¢(Tw(u))u') -
This gives us directly that
IV wd(Tw(U 2 =1V 2¢(Tw(u))l 2 +1 proj v (Vz¢(Tw(u))u )i
SIV Z(Tw(u)I 2+ 1V 2¢(Tw(u))u' 17
=1V z@(Tw(u)? 1+1w 2, (20)

where we used that IVU 12 =jvi 21Ul 2 for any vectors V and U. Computing V29 amounts to
computing the gradient of the Gaussian density Gw. From its definition (see Eq. 17) we have:

Vzloggu(z)=—(CC ") ' (z-m)=-Z "(z-m).
Recalling the definition of¢ = log qv—log gw- , and writingv = (m, C) ,W* =(m ., C,),£=CC ",
Y. =C.C], we obtain
Vip(z)y== -2V z+s "' m-3"m..
In other words, we have
Vog(Tw(u)) =2 ' =77 (Cu+m)+Z "m-37'm. =Au+b, 1)
where A:=(X ;' =27 ")Candb:=Z."m-Z:" M. We can now combine (20) and (21) and use
Lemma 29 to write
EuV wd(Tw(u)i2 <E AU+ bi (1 + 1ui 2)
=(d+ b1 2+ (d+3)IAI
<(d+3) 1b12+14; 2 . (22)
Let us now introduce the functionk : RYXM ¢ _, Ru{+e} , defined byk(w) :=E .4, log gv(z)—
log gv- () if C is invertible, +o0 otherwise. This function is nothing but the Kullback-Liebler

divergence between the two Gaussian distributions Gw and Gw- , and can be computed in closed-form
on its domain:

K(W) = % log det(Z.) — log det(Z) —d +tr(Z 'Z)+ < " (m. -m), (m.-m)) ,

where we note as beforew = (m, C) ,W* =(m ., C.),2=CC ",%. =C.C/ . This allows us to
compute its gradient at W € Wy

Vnkw) =% '(m.-m)

% Vclogdet(cC') + %Vc tr(z ;1 CCT)
= '-z2e

We see that Vmk(w) = b, and Vck(w) = A , which means that 1012+ |Al 2 =1V wk(w)I 2. From
(22) and the fact that Vwk(w ") = 0 (because W* is a minimizer of K), we deduce that

EulV w(Tw(u)1 < (d+3)1v wk(w) = V wk(w )1 2

Vek(w)
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Now we remind that W* € Wy which implies that log gv+ is M -smooth. This means that
Ezq. lOg gv- is M _smooth as well, according to Domke [13, Theorem 1]. On the other hand,
we know (see the proof of Lemma 16) thatE, 4, log gv- = h(w) which is M -smooth on Wi (see
Lemma 18.3). All this implies that K is 2M -smooth on Wy | from which we conclude

EdV wo(Tw ()i 2<(d+3)V wk(W) = V wk(w )12 < (d+ 3)4M 2Iw —w "12,

The Theorem’s main inequality (10) follows after plugging the above inequality into(19). The second
inequality follows after using Young’s inequality

Eigsti!; <2(d+3)K 2iw-"Wi%+8(d+3)M 2Iw-w"I2
=2(d+3)K 2W-w'+w® —wug +8(d + 3)M 2||w—w*||§
<SA4d+3)K 2IW-W 12+ 4(d+3)K 2IW" - WIZ +8(d+3)M 21w -w 13
=4d+3) K2+2m2 ||w—w*||§+4(d+3)/< 2w _wng.
To conclude the proof, it remains to check that K =0 whenever p(-|x) is Gaussian. In that case,
because our main objective functionf (W) is the divergence betweenGw and p(-|x), it is clear that

f is minimized whenever Gw = p(-|x) . Therefore, without loss of generality, we can assume that
p(-[x) = gw- . This implies that the residual I is constant (r(z) = log p(x) ), and so is 0-smooth.

O
8.2 Quadratically bounded estimators
Theorem 30. The estimators obey E gl g Salw-w “12 + b with the the following constants:
Estimator A b valid W
Genergy 2(d + 3)M 2 2(d + 3)M 2w’ - W12 any
ent 4(d + 3)M 2 4d+3)M2IW -WI+gL weW,
gsTL Ad+3) K2+2m2 4(d+3)K2nW*_wu§ we W,
Proof. Combine the results of Theorems 2, 3 and 4.
O

9 Optimization proofs
This section contains all the proofs for the Theorems stated in Section 3.

9.1 Anytime Convergence Theorem for Strongly Convex

Theorem 31 ( Theorem 3.2 in [53] ). Suppose we are given a sequence of W jterates such that for a
step size Yt < i and given constants 1 > 0 and 92 >0 we have that

E wtt —w* 12 <(1-y (E W' -w" 12 +2g2y2 (23)

By switching to a decaying stepsize according to

t<t*
2L Jor
e | 1 2t+1
t+
2 t>t -
pienz
wheret™ =4[ L/u] , we have that
2 2
E wT*l —w*12 < muwo—w*uh %Tf1. (24)
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Proof. We divide the proof for steps { that are great or smaller than t*. For {<t *, we have by
unrolling (23) starting from ", . .., Awith ¥t =V gives
h ' 20%Y
U

E wl —w 12 <(1-yu) "wl-wri2s (25)

Now consider {2t * for which we have that V¢ = % (tzﬁ )1 > which when inserted into (23) gives

2 2
E Iwttl —w=*12 < tiE Iwt —w*12 +023&.
(t+1)2 Hz (t+1)4
Multiplying through by (t + 1) ? and re-arranging gives
2 (2t+1)2
t+1)2E Wt —w 12 <t 2E aw'-wr2 4g2 232 " )
( ) M2 (t+1)2
<t 2B wl-w*12 4+ 802,
U2
where we used that 2:'11 < 2. Summingupovert=t *, - .., Tand using telescopic cancellation
gives
h . i 80
(T+1)2E W7 —w*12 <t *)2E w' -w"12 +(T-¢ *)W,
Now using that fort <t * we have thaty = 1 and (25) holds, thus
(T+1)2E wT*T —w* 12 <t *)2 (1 _yy)f'||w0—w*||2+zg2% +(T-t *)8%:

. . y .. 80°

st )2 WO-wrI24+202- +(T-t )W'

where we used that (1 — yu) < 1. Substituting y = %, t* =4/L/u] and multiplying by (T + 1) ?
gives

) 16 L/ J? . 02 . 2K
E wT*t —w#12 < 2P gypwo-—w+24 _ ~ g(7T- + 27
(T+1)2 H2(T+1)2 8T-t)+() L
2 2 _ o
< Muwo—w*n2+ CLM
(T+1)2 K2 (T+1)2
2 2
< MIIWO—W*I|2+ o 8
(T+1)2 M2 T +1
which concludes the proof of (24). [

9.2 Complexity Lemma for Convex

Lemma 32. Suppose we are given a sequence W' and constants a, b, B > 0 such that
a wo-w: ?

why —j <
E f(W) —inff <y s

+b

holds for ]

9= 1357

q —
[fy: MA—TforAZ BzrandTEZ,then

IN

li 2a||W0—W*||2+b .

VT/T o
E (W) —inff =

Thus, T = O(€ ~2) iterations are sufficient to guarantee thatE f(W') —inff<e.
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Proof. First we show that %r < 2 is equivalent to

log 2
T 2~ |
log(1 + BA 2/T) (26)

Indeed this follows since

1
T-T <% 7

o <

<

NI =

log 2
log 1/6
> log 2
log(1 + By ?)
log 2
log(1 + BA2/T)

T>

T>

Now note thatlog(1+x) = % for x = 0, which implies that
this gives that

1 ) <1+ }forx=0. Applying

log(1+x]

1 T
<1+
log(1 + BA 2/T) BA2

So to guarantee # < 2, from (26) it is sufficient to enforce that
T
T >1+ BAZ
>log(2) 1+ BAZ
. P . o .
Assuming A 2 2/B | this last condition holds if
1
T2+ gap—r (27)

Since we also impose that BA2 > 2 we have that Bﬂlj <1 thus for (27) to hold it suffices that
T = 2. Substituting y = A&T and the relaxation ﬁr < 2 into the original bound gives the claimed
result. O

9.3 Proximal gradient descent with strong convexity and smoothness

We start by recalling some standard properties of the proximal operator.

Lemma 33. Lety >0 and W* € argmin,, I(w) + h(w). Assume h(w) is convex and thatl(w) is
continuously differentiable atW"*. Then

1. ForallW, W andy >0, proxys (w) - prox yn (w') g SW-—W 1,

2. W =prox (W' —yWw %))

3. V=proxy, (W) = =5~ € dh(v)

Theorem 7. Let | be a H-strongly convex and M -smooth function, and let w = argmin(l) . Let
h be a proper closed convex function, and let W* = argmin(l + h) . Let (W')wen be generated
by the Prox-SGD algorithm, with a constant stepsize y € 0, min{ 2%' %} . Suppose that 9 isa
quadratically bounded estimator (Def. 5) for I with parameters (a, b, w). Then,

E W -w' D<(-yu) | wo-w’ 3*% b+ MZIW" =W (an
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H 1 2t+1

Alternatively, if we use the decaying stepsize Yt = min 2 1 W , then
Ew’' -w*i2 < ano—w*u%i b+M2Iw* —wi? 12
= T2 UzT 2 - (12)

In both cases, T = O(€ ") iterations are sufficient to guarantee thatE\w’ —W*12 <€,

Proof. We start by using the non-expansiveness and fixed-point properties of the proximal operator
to write

wtt —wr 2 o proxy, W' =VYg' —prox,, (w' -yWw "))

2
S W-wiay Uw)-g'
t

* * 2 * *
= Woow' D+y? Mw)-g' pr2y Wowh uw ) -gt

2
2

t

Above the first line uses the fixed point property of the proximal operator thaW* = prox yn (W" ~
y(w)) , while the second line uses the fact that the proximal operator is non-expansive.

Now, we appﬁy our assumption on the gradient ehstimator to write

i i h i
E Ww')-g' 21w <2E aviw ‘pilIw' +2E ¢ 2w

<2wlw “Ni+2 a w-wr §+b

« 2

< 2M 2||w*_T/vu§+2 a w -w S+b

For the last term, we have by strong convexity and the fact thatg" is an unbiased estimator that
E w-w", Iw")-¢g" Iwy =- w-wi, gqw)-aw?

. 2

2

where the second line follows from the fact that/ is U strongly convex.

IN

U w-w

3’

Puﬁting the pieces together, we get that
i

x 2

E wHt! —-w 5

<E W -w" 2+2y2M2uw*_T/vu§+2y2|5 a w-w- S+b -2yuE wh—w*
= 1-2yu+2y%a E w-w" 2+2y2 b+M2||w*_T/vu§

Now the following conditions are equivalent:
1-2yu+2y*a <1-ypu
2yu - 2y%a =yu

2u—-2ya ZH
2u—-u =2ya
M =2ya
u
<
Y 2a

This mean%that i
E w* -w' 2 <(1-yE W-w 2422 p+M2w - W2

Now since ¥ = % = 1—-yu=0 we can apply the above recursively, which gives that

h 2i ¢ 2 — 2 X1 k
E wttl —w* <(1-yu) WO—W*2+2y2 b+/\/72uw*_wu2 (1-yu)"-
k=1
But we can bound this geometric sum by
X! B
(1-yw) =
k=1

T-(1-yw' 1
yi yi

H

28



leading to the result that
i
s 2 t e 2.2y e D2
E wt -w 5 <(1-yp) wo —w 2+7 b+M2Iw* —wij

To prove the anytime result, we can now apply Theorem 31. To do so, we need to map the notation
we use here to the notation used in Theorem 31.  The mapping we needis L = 5, and 02 =

b+M?2Iw* - Wi g which when inserting into Theorem 31 gives the result. O

Corollary 34. Under the conditions of Theorem 7, ify = ’qu,glfor ;11 <A andT is large enough

T > 2aA
thatm— o

b+M2IW' - W2 = log T

*2<1
- T

T+ 0_y+ 2, 2AlogT
E w W LS g Womwt e o

Proof. The previous theorem can only be applied when Y = %’ i.e. when ﬂ%ﬂ = zu—a or

s |o7qT —. Supposing that is true, observe that (1 —x) " < exp(-xT ), from which it follows that
(1-yu)" <exp(-pAlog T)= < + -

9.4 Proximal gradient descent with convexity and smoothness

Theorem 8. Let | be a proper convex and M -smooth function. Let N be a proper closed convex
function, and let W* € argmin(/ + h) . Let (W')wen be generated by the Prox-SGD algorithm, with a
constant stepsize y € (0, WH Suppose that 9 isa quadratically bounded estimator (Def. 5) for VI
with parameters (a, b, W). Then,

EF(@)—infr <y a" WL,
(1-67)
where 8 €' # and W' %' E)Fé;ﬂ In particular, ify = 3/1— then
1+ 2ay? L ' ar’
M 2

-2 .

_ 1
T s < 0 — *1 2
E f(W) —inff 3/—5_,_ 2alw” — W7l +p  vT 2 max 2

Thus, T = O(€ ~2) iterations are sufficient to guarantee thatE f(W') —inff <€

Proof. Let us start by looking at W1 —w*12 —Iw ' = w*12 Expanding the squares, we have that
- wt — witt
et —waz- Lt cwaz s et stz (T e _ e,
2yt 2yt 2yt Yt
Since W' = prox . n (W' =~ V¢d'), we know from Lemma 33 that
W' = V9 - wt
Yt

e oh(w ™)
and therefore that
wt — witt
Yt

where 0h(w) is the subdifferential of1. Consequently there exists a subgradient®*! e ah(w 1)
such that

€g' +ohw ),

1 1

—wtt —wr2 - _wlt -w*2? 28
VAT 2yt (28)
= Ve — w2 -<gt+pt*1, Wt —wr)
2y
= ;uwf” —whi2=<gt - mw Y, W —wry —vew ) + pTT, W —w).
Vi
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We decompose the last term of (28) as

—~vhw Db T W —w ety = —p BT W —w s —vpw ), Wt W Devew ), whw D,

(29)
For the first term in the above we can use that?*! e dh(w 1) is a subgradient together with the
defining property of subgradient to write

b, Wt —wry = ptt W Wy < hw ) - h(w ). (30)
On the second term we can use the fact that/ is M -smooth to write
—~vlw ), Wt —wh < M?IIW‘+1 —whZ 4wy - gw ). (31
On the last term we can use the convexity off to write
wew Y, w - wh <pw T) - ew'). (32)
By inserting (30), (31), (32) into (29) gives

1%
_<V€(W t)+gt+1 , Wil _W*>Sh(W*)+€(W*)—h(Wt+1 )—l)(Wtﬂ )+ 7||Wt+1 —w!ti2
= f(W *) _f(W t+1 )+ M7||Wt+1 _Wt||2-

Now using the above in (28), and our assumption thaty:M < 1 | we obtain
1 1

—awtt —wri2 - _w!t -wri2

2yt 2y

< ;nwf+1 -whi2 4 %nwf+1 “wh2 - (fw ") —inff)-<g - Bw "), W -w"
Vi

<-(fw *')-inff)-(@ - ww "), w' —w". (33)

We now have to control the last term of(33) in expectation. To shorten our notation we temporarily
introduce the operators
Tw) Ew-y «Bw),
TwEw-y g (34)

Notice in particular that W1 = prox y, n ( T (W)). So the the last term of (33) can be decomposed as

~' - ww ), W mw =g = Ww "), prox,(T (W)) - proxy,n(T (W)))
—9"' - ww "), proxy,»(T W))-w"- (35)
We observe that the last term is, in expectation, is equal to zero. This is becausgroxy, n (T wW))-w *
is deterministic when conditioned onW'. Since we will later on take expectations, we drop this term

now and keep on going. As for the first term, using the nonexpansiveness of the proximal operator
(Lemma 33), we have that

@' - Ww "), prox,,» (T (W)) = prox,,»(T W)y <1g "= ww Hn Tw) - T w)i
=y 9" - ww Nz
Using the above two bounds in (35) we have proved that (after taking expectation)
-E@'-Ww ), wt! WSy Eig - Bw N2=yV g .
Injecting the above inequality into (33) and multiplying through byY:, we obtain

%Euw’” w2 - %E wt-w*12 <-y (E f(w" ) =inff +y2V & . (36)

From now on we assume that the stepsize sequence is constanty: =Y . Now, applying our assumption
on the gradient estimator, we have

V ¢ <Eigli2<aE w-w" %+p
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Inject this inequality into (36), and reordering the terms gives

h i
yE fw™')-inff < %E wt —w=12 - %E wtt —wi2 +y2 g w-we 2 4p
= % 1+2y%a E wi-w" 12 - %E Iwtt - w12 +y2b
= %CE wt —w*12 - %E Iwt —w 12 42 (37)
where we introduced the constant C %1 + 2ay 2. We will now do a weighted telescoping by
introducing a sequence 01 > 0 of weights. Multiplying the above inequality by someQ .4 >0,
and summing overO, . .., T — 1gives
K1 -1 1 1 K1
Y  Qu E f(w™')-inff < Aypiq CEE wt—w*12 - §E Wt —wri2 +y2b ay, .
=0 t=0 =0

To be able to use a telescopic sum in the right-hand term, we need that 04 C = a ¢ (an idea we
borrowed from [54] ). This holds by choosing Ot def C1T, which allows us to write

X X' a a X1
. t . .
Y o O E f(w™')-inff < TE wlt-wi2 - %E Wt —wi2 4+ y2b ay,
t=0 t=0 t=0
1
a a X
= Owo-waz- TeawT -wni2 +y20° a,,
2 2 =0
-1
o X
< 2w0-wii2+y2b ay,, .
2 =0
. —7T def Py o, wttl . . .
Let us now introduce W' = %, using that 0 = 1, and by using the convexity of f
t= +
with Jensen’s inequality, we obtain
n
P 7
_ T a f Wt+1
; - t+t .
Ef(W) —inff =E = S W) infr
p t=0 at+1
T-1 t+1
< =0 '_?tﬂ E f(w™) —inff
TT-1,g
t=0 t+1
T-1 ;
_ t=0 at+tnE f(w™') —inff
- T T
t=0 at+1
Prig,., E f(wt!) —inff
— =0 Tt
- L
t=0 A
Liw0—w12 4 1o
< ¥ P yb o O
t=0 C{l‘+‘|
= 41—qu — W2+ yp
o T a
Y =0 Yt
= 41—qu — W2+ yp
o T a
Y =0 Yt
1 0 )2
= 4PT—"W —WTl< + yh,

-1
2y o Y1
P o
To finish the proof, it remains to compute the geometric series ;01 0t which is given by

X AXT 1 1-we’ _1-ceT

e R o N e T
t=0 t=0
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Using the above and substituting forC = 1 + 2ay 2 and 6 = 1/C gives

_ c-1
E f(W) —inff = _wO0-wrI24+yp
W) - 2y (1-1/CT) 4
ay )
WO -w*I12+yp
(-0 g
q_
Finally by applying Lemma 32 with where B=2a ,A= £ = 3’% and thus y = NA—T = %-
Note that with this choice of ¥ we have that
2
y= JL < i = T2 Mi
ar M a
Thus for T = 2 the result of Lemma 32 gives
_ 1 . 1
Ef(W) —inff € ¥y 2am®-w'12+p = L_
arT T
O

9.5 Projected gradient descent with strong convexity

Theorem 10. Let W be a nonempty closed convex set. Let T be a U-strongly convex function,
differentiable onW. Let W* = argmin v (f). Let (W')en be generated by the Proj-SGD algorithm,
with a constant stepsize y € 0, min{ 2”—&, %} . Suppose that 9 isa quadratically bounded estimator
(Def. 5) for VB with parameters (a, b, W). Then,

-
Ew -w* ?< 1—ﬂ WO—W*2+%. (13)
2 H
Alternatively, if we use the decaying stepsize Yt = min ﬂ gﬂ then
y, i ying stepsize Vi 23 L+ 1)
E Iw’ —w-I < IJZTZIIW w2 + 2T (14)

In both cases, T = O(€ ~") iterations are sufficient to guarantee thatE\w’™ —W*12 < €,

Proof. Plugging in one step of Proj-SGD we have that

wtt —we 2= projW(Wt‘th)—projWW* 2
< w-w'-y, g 2,

where we used that projections are non-expansive. Taking expectation conditioned on W', and
exlganding squares we have that
[

h i
E wel -ws 2wt s wiowt Pogy Ww ), W -wt o +yPE 2w

S(T=py ) Wow' 2= 2p(f W) ~fw ) +ayPw' —wi2+ byf,
where we used E [d] = Vw ') and definition 5, and that f is H—strongly convex. Taking full
expectation and re-arranging gives

2V EIF (W) —fw <1 -y e(u-ay))E W -w" *-E w! —w" ?

+ bytz.
Now using that ¥t € £ we have that
1-yit(u-—ayt)<1- %

and thus

2y E[ff W') - f(w *)] < 1—% Ew-w' 2 wt! —w Z4py2 (38)
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Re-arranging we have that

E WI+1 -w* 2S 1_#7;1’ E Wt_W* 2_2ytE[f(Wt)_f(W *)]+byt2
< 1-L2V’ E W -w' 24p2 (39)

Using Yt =Y constant, and since ¥ < % = 1= % = 0 we have by unrolling the recurrence that

+ X k
E witl —w* 2< 1_ﬂ” wo—w* %4 1M by2.
2 2
k=0

Since .

X I SNl et 1) MDY .3

ko 2 yu YU H
we have that

E wt! —w* 2< 1_ﬂ o wo—w- 2+2yb’

2
which concludes the proof of (13).

To prove (14) we will apply Theorem 31, for which we will switch our notation to match that of

Theorem 31. That is, substituting L = &, 02 = g and [I = % into (39) gives

2 2

E wit' —w* “<(1-"uy;)E W' -w" “+202%7 (40)

which now holds for Vi = % and fits exactly the format of (23), excluding the additional hat on H-
Thus we know from following verbatim the proof that continues after (23) that for a stepsize schedule
of

J % fort<tr-
Ve =
%% fort=t*
for t* = 4L/ 1] we have that
E IwT+! —w=12 < 1(5;1:/1’;122"‘,,,0 w2 4 ZéTf1'
After switching back notation L = %, 02 = g and [t = glves (14). O

9.6 Projected gradient descent with convexity

Theorem 11. Let W be a nonemply closed convex set. LetT be a convex function, differentiable on
W. Let W* e argminy (f). Let (W' )teN be generated by the Proj-SGD algorithm, with a constant
stepsize y € (0, +) . Suppose that 9 is a quadratically bounded estimator (Def. 5) for V¥ at W'
with constant parameters (@, b, W). Then,

th/T 'fi<yaW0_W*2

AR A A A
PT1 1 t N
+ w _

where 0 %' 1+1 ay? and W & _3 S . Finally if y = %andTZZ then
v__
_r ) 28,0 _ i 2 b
Ef(Wh) —inffs YTwO0-wze V. (15)
T 2aT

Thus, T = O(€ 2 iterations are sufficient to guarantee thatE f(W') —inff <€
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Proof. Plugging in one step of the algorithm, we have that

w - 2

projw (W' = ¥:d') - proj w (w')

w-w -y g 2,

IN

where we used that projections are non-expansive. Taking expectation conditioned on W', and
expanding squares we have that
h i h [
« 2 « 2 * 2
E wtt —w* “[w! < w-w" "2y w "), W' -w" +y?E ¢ “|w

< w-wt 2oy (f(wh) - fw ) +ay AW = w2+ by,

where we used that 9' is an unbiased estimator with bounded squared norm. Taking full expectation
and re-arranging gives

i h i

*Z_E w1 —W*Z

h
2iE fW')-fw ") <s(1+ay?)E W -w + by?

From now on we use a constant stepsize Yt =¥ . Let C = (1 + ay 2). Next we would like to setup a
telescopic sum. To make this happen, we multiply through by Q¢ and impose that 0.y C = ¢.

This holds with @¢ %' Zr. Multiplying through by Oy and summing fromt=0, ..., T—1we
have that
X1 X1 h i h i X1
2y 0uq E f(Wt) -flw ") = anq CE w-we 2 ~Quy Eowr -we 24 0yq by?
t=0 t=0 t=0
X-1 h . | h ) X1
= o E w -w* -a, E wt' -w® + a,.q by?
=0 =0
i X
=g, WO-w* 2-a;E w-w'? &+ a, by
t=0
h i
Using that 0y =1, dropping the negative term —0 7 E W' —w* 2 , dividing through by

2y ,7;:_01 Uy+q and using Jensen’s inequality we have that
Pr .
Fo' Tug EIF(W) = flw )]

E f(W)-fw") < —

Finally using that

-1 -1 1 _
X ' RS R PO S =, k- Bl 7218
k=0 k=0 k=0 Ci1-¢ c-1 ayz
gives that
_ ay? wo-w* 2 p
E F(W)-fw ") < 4 ¢
1 1 2 2
(ay )" y
_ ay wo — w* 2+ by
- 1
w2, 2
, !
y a wl-w-
R e
(1+ay 2) |
y awl-w:?
=2 i-g P
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v_
Finally e can @ppl}\//Lq}nma 32 withwhere B=a ,A= P 2/B = 2/ 4,0= # and

y=A/ T= 2/ @ T)which gives

—
Ly U amo-wizep =g YL
2 a T T

Ef(W) —inffs %A/A— 2am® - w2 + p

10 Solving VI with stochastic optimization

10.1 Convergence of the algorithms

Corollary 12 (Prox-SGD for VI). Consider the leroblem where Qw is a multivariate Gaussian
distribution (Eq. 2) with parameters w = (m, C) € R x T 9 and assume that this problem
admits a solution W* Suppose thatlog p(-, X)is M -smooth and concave (res f? H- strongly concave).
Generate a sequence w! by usmg the Prox-SGD algorithm (Def. 6) applied to ancé (Eq 16), using
Qenergy (5) as an estimator of VI'. Let the stepsizes Yt be constant and equal to 1/( Agnergy T ) (resp.
be decaying as in Theorem 7 with 8gnergy = 2(d + 3)M 2). Then, for a certain average w’ of the
iterates, we have for T 2 2 that J

Ef(W)-inff =001/ T) (resp. E W' =w*13 =0(1/T) )

Proof. Our assumption on the log target imply that/ is smooth and convex (resp. H-strongly convex)
according to Lemmas 18.1 and 19.1.  Furthermore, since log p(:, X) is smooth, we know from
Theorem 30 that the gradient estimator Qenergy 1S quadratlcally bounded at every W' with respect to
constant parameters (a, b, W), with a = 2(d + 3)M 2. Then, because we work with triangular scale
parameters, we know from Lemma 19.3 that/ is closed convex. Finally T = max{M 2/a, 2} = 2

since
M2 M 2 1 1
- = = <
a  2d+3M2 2d+3)

We have now verified the hypotheses of Theorem 8 (resp. Theorem 7), which gives us the desired
bounds. O

Corollary 13 (Proj-SGD for VI). Consider the VI problem where Qu is a multivariate Gaussian
distribution (Eq. 2) with parameters w = (m C)eR 9% S9 and assume that this problem admits a
solution W* Suppose that log p(-, X)is M -smooth and concave (resp. H-strongly concave). Generate
a sequence w! by using the Proj-SGD algorithm (Def. 9) applied to the functiof = I+h  (Eq. 16) and
the constraint Wy (Eg 3), using Qent (7) or gsti (9) as an estimator of VE . Let the stepsizes Yt be
constant and equal to- 2/(@T ) (resp. be decaying as in Theorem 10) with @ = @ eny = 4(d + 3)M 2
ora=ast. =24(d+ 3)M 2. Then, for a\/certain average w’ of the iterates, we have for T =2 2 that

Ef(W)-inff =01/ T) (resp. E W' —=w"12 =0(1/T) )

Proof. Our assumption on the log target imply that/ is smooth and convex (resp. H-strongly convex)
according to Lemmas 18.1 and 19.1. Regarding the entropy, since log p(-, x)is M -smooth, we know
from Lemma 18.3 that N1 is M -smooth on Wy . We also know that h is closed convex, since we
consider symmetric scale parameters (see Lemma 19.2). Furthermore, the smoothness oflog p(-, x)
implies that the gradient estimator gen; is quadratically bounded at every W' € Wy | with respect
to constant parameters (&, b, w). This is stated in Theorem 30, where we can see that for gent we
can take Qent = 4(d + 3)M 2, and for gst. we can take 4g7 = 2(d + 3)(2K 2+ (2M) 2). Since we
know from Theorem 4 that K < 2M , we can consider that 8sy < 24(d + 3)M 2. Finally, we know
from Lemma 20 that the minimizers of f belong to W , meaning that argmin(f ) = argmin w,, (f).
We have now verified the hypotheses of Theorem 11 (resp. Theorem 10), which gives us the desired
bounds. O
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Corollary 14 (Proj-SGD for VI - Gaussian target). Consider the setting of Corollary 13, in the
scenario that1og p(-, X)is H—strongly concave, that we use theQstL estimator, and that we take a
constant stepsize Yt =y € 0, min{ ﬁ, %} . Assume further that p(-|X) is Gaussian. Then,

.
Ewl-wn2 < 1_% wo -w*i3.

Proof. We use the same arguments as in the proof of Corollary 13, but this time we use a constant
stepsize, which gives us the bound (13) from Theorem 10, where b = 4(d + 3)K 2Iw* — Wi 2
according to Theorem 4. All we need to conclude is to verify that b = 0. This comes from the
assumption that the target is Gaussian, from which we deduce thatK = 0 (sce again Theorem 4). [

10.2 Computations for the algorithms

Lemma 35 (Prox of the entropy for triangular matrices).  Assume that V=T 9 and let w =
(m, C)e RIXT9 Then proxyn (W) = (m, C), where

P .
e = 2(Ci+ Ch+dy) ifi=]
TG ifik .

Proof. This is essentially proved in [ 13, Theorem 13]. We provide a proof here for the sake of
completeness, also because our entropy here enforces positive definiteness. So we need to compute

1 1
argmin —logdet X+ —1z-—mi 24+ __1X-CI 2.
zeRf’,XgT d x>0 9 2y 2y F

Because the objective here is separated in Z and X , we can optimizae those variables separately. It is
clear that the optimal Z will be Z = m . For the matrix component, it remains to solve

argmin - log det X + 2inIX -CI 2.

XeT 9 x>0
Now remember that for a triangular matrix, being positive definite is equivalent to have positive
f_l,iadgonal elements (Lemma 19.3). BecauseX is a lower triangular matrix, we have— log det X =
iy —log Xii and Xjj =0 when/<J . So our problem becomes
RS X )
argmin (- log Xii ) + —(Xij —Cj)=
XeT 94.X ;i >0 i=1 iz 2

This is a gain a separated optimization problem with respect to the variablesX j . So we deduce that
wheni2j we must take Cj =Cjj, and wheni= j we need to take

Ci =argmin -log x + Ziy(x -Cii )% (41)

x>0

This is the proximal operator of — log, which can be classically computed [55, Example 6.9], and
gives the desired result.

Lemma 36 ;Pr(g%ction onto Wy for symmetric matrices). Assume that V=S d, and let w =
X

(m C)eR .Let C=UDU 7 be the eigenvalue decomposition of C, with D diagonal and U
orthogonal. Then projw,, (W) =(m, U bur ), Where D is the diagonal matrix defined by

1
Di =m i L}
ax{D M}

Proof. Consider g = dw,, to be the indicator function of Wy , which is equal to 0 on Wy and +oo
elsewhere. Then projw,, = prox g, and we can compute it with [55, Theorem 7.18]. For this, we
need to write g(C) = F (A(C)) , where A(C) is the set of eigenvalues of C, and F is the indicator

function of K:={Z e R 9:2 >1/ M} . Inthat way, we see that g is a symmetric spectral
function in the sense of [55, Definition 7.12], and the conclusion follows. O
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Lemma 37 (Adjoint of the distribution transformation). Let u € R? be fixed. Let T: R% x vV - R ¢
be such thatT (m, C) = Cu+m . Then T is a linear operator such that its adjointl * : R ., RIxV
verifies T*(2) = (z, proj v (zu")).

Proof. The fact that T is linear is immediate. Let us consider now the extension T : R *M ¢ _, RY
such that T (m, C) = Cu + m . If we define the canonical injection! : R IxV L RIXM 9 we
clearly have T= T°! Thismeansthat T* =1 " ° T* = proj gexy ° T*. It remains to prove that
T*(2) =(z, zu 7). For this, it suffices to use the properties of the trace to write that

(z,zu"), (M, C)y =<z, my+@u ',C =z, m) +truz ' C)
=(z,m)+tr(z " Cu)={(z, m)+(z, Cu)
=<z, T (m, C).

10.3 Explicit implementation of the algorithms

Lemma 38 (Explicit computation of the estimators). Let U € RY and let w = (m C)eR dxVv
where C > 0. Define
1m:=-V zlog p(Cu + m, x).

Then
1. Qenergy (U) = (11, proj v (u")),
2. Gent(u) = (11, proj v (mu" =C 7)),
3. gstL(U)=(Tr-C T u, projy(mu’ —C T uuTy).

Proof. Let w=(m, C) and let T be the linear operator defined by T (m, C)=Cu+m , asin
Lemma 37. As a shorthand we will note Px := p(-, X).

1. From its definition in (5), the energy estimator is equal to
Genergy (U) = =V w(log  px = T )(w).
Applying the chain rules, we obtain
Genergy (U) =-T ~ Vz(log o px) (Tw) =TT
The conclusion follows from the expression of T * obtained in Lemma 37.

2. From its definition in (7), the entropy estimator gent (U) is equal to Genergy (U) + Vh(W) , where
(we use the fact that we assumed that W € W ) we know from Lemma 18.2 that Vh(w) =
—(0, proj v (C™")). The conclusion follows from the previous item and the linearity of proj .

3. From its definition in (9), the STL estimator is equal to
gsTL (U) =g energy )+ Vw(p-T)w),

where ¢(z) = log qv(2), with V being a copy of W. From the definition of a Gaussian density (17)
we have that
Vapz)=~C ~ €T )z -m),

so we deduce that
V(@ T)W) =T "Vep(Tw)=-T (C”" C)(Tw-m)=-T "C" u

The conclusion follows after combining the first item with Lemma 37.

Lemma 39 (Psecudocode of the algorithms).
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1. Algorithm 1 is equivalent to the Prox-SGD algorithm (Def. 6) applied td and h (Eq. 16), using
Genergy (5) as an estimator of V' and using lower triangular covariance factors.

2. Algorithm 2 is equivalent to the Proj-SGD algorithm (Def. 9) applied to the functionf=1+ h
(Eq. 16) and the constraint Wy (Eq. 3), and using Qent (7) as an estimator of V.

3. Algorithm 3 is equivalent to the Proj-SGD algorithm (Def- 9) applied to the functionf=1+ h
(Eq. 16) and the constraint Ww (Eq. 3), and using gst. (9) as an estimator of VF .

Proof. In this proof, we fix an iterationt € N, consider Ut ~ N (0, /) and we note W' = (m 1, G).

1. From (Def. 6) we know that W*' = prox , » (W' = ¥tGenergy (Ut)) . According to Lemma 38, we

have

w' - yfgenergy (Ut) = (m tr Ct) - Vt(T[t, F)I"Oj'rd(7TtutT )),
where
T = -V zlog p(GU: + m¢, X).
Moreover, we know from Lemma 35 whatproxy,  is:
p

i+ CZ+4y:) ifi=j
prox,n(m, C) = (m, R y,(C)), where Ry, (C)y = 2" * “1 740 0 i

First, we see that with respect to the/M variable the proximal operator is the identity, meaning
that we indeed have
mt+1 =m:¢ = YT

Second, we see that with respect to the C variable we have

Ciet =Ry (Ct = Veprojra(myy )).
It is immediate to see by induction that since we initialize withCy € T ? then Cr € T? as well.
Therefore we can use the linearity of projr« to write that

Cu1 =Ry, projre(Ce ~ViThU{) .
The conclusion follows after observing Ithat

C(i, j) o ifi>],
(Ry °projra) (C)(i, ) = | 1 cliy+ = CGi2Z+ayc  ifi=),
0 ifi <.

2. From (Def. 9) we know that W*' = proj ,, (W' = ¥ tQent (Ut)). According to Lemma 38, we
have
W =Y tQent (Ut) = (Mt G) = yi(m, projsa (et —C7 ).
Moreover, we know from Lemma 36 whatprojw,, is:
projw,, (m, C) = (m, R(C)),

where Ii’(C) =y DUT, with UDU T being a SVD decomposition of C, and 5(i, N =
max{D(i, i); M ~V2 }. First, we see that with respect to the M variable the projection is the
identity, meaning that we indeed have

My =m:t = VY:7%.
Second, we see that with respect to the C variable we have
Ci1 = R(Ct—Yeprojra(mu; —C7T)).
It is immediate to see by induction that since we initialize with Cye Sd, then Cr € S9 as well.
Therefore we can use the linearity of projsa to write that

Cur = I-:\’proj sd(Ct = V(] -C/T ) -

The conclusion follows after setting oy = C ¢ = V(U —C; "), and using the fact that
projs«(C)=(C+C ")/2.

3. Use the same reasoning as in the previous item, with the appropriate computation for the STL
estimator from Lemma 38.

O
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Algorithm 1 Prox-SGD with energy estimator and triangular factors

Let My e RY, Cy € T % guch that Cy > 0, (yt)en € (0, +0)
forte N do

Sample Ut ~ N (0, /)

Compute Tt = -V zlog p(GU: + m¢, X)

SetMyy =m¢t — VYTt

Set Coy = Ct —VeTRU] j

Cin (i) q ifi>]
Set Crq via Cruq (i, f) = [ 2 Cor (i )+ Cruq (i, i) 2+ 4y ifi=j
0 ifi<j

Algorithm 2 Proj-SGD with entropy estimator and symmetric factors

Let My e RY, Cy € S% such that Cy > 0, (Vi )en C (0, +00)
forte N do
Sample Ut ~ N (0, /)
Compute 7 = -V zlog p(GU: + mt, X)
SetMuyy =m¢ ~VTh
SetCiy =C:t ~ Ye(mu —C1)
Compute Up4 Dm Ur11 a singular value decomposition of (Cm + 0;1 )2
Set c[+1 = U[+1 Dt+1 U{I-] 5 Where D[+1 (I, I) = maX{ Dl‘+1 (I, I), M -172 }

Algorithm 3 Proj-SGD with STL estimator and symmetric factors

Let My e RY, Cy € S such that Cy > 0, (Vi )en < (0, +00)
forte N do
Sample Ut ~ N (0, /)
Compute 7t = -V zlog p(GU: + m¢, X)
SetMyy =m¢ = Ve(m =~ C7' Uy)
SetCiy =C:t ~ Ye(mu; —C7luul)
Compute U4 D U,., asingular value decomposition of (Cm + CtL )2
Set g = Ut Dy ULy, where Diay (i, i) = max{ Doy (i, i); M 72 }
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