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Abstract

We propose a novel approach to sequential Bayesian inference based on variational
Bayes. The key insight is that, in the online setting, we do not need to add the
KL term to regularize to the prior (which comes from the posterior at the previous
timestep); instead we can optimize just the expected log-likelihood, performing a
single step of natural gradient descent starting at the prior predictive. We prove this
method recovers exact Bayesian inference if the model is conjugate, and empirically
outperforms other online VB methods in the non-conjugate setting, such as online
learning for neural networks, especially when controlling for computational costs.

1 Introduction

Bayesian methods for neural network (NN) training aim to minimize the Kullback-Leibler divergence
between true and estimated posterior distributions. This is equivalent to minimizing the variational
loss (or negative ELBO)

L() = —Eg~g, [log p(D|0)] + Drr(gyp|po) ()

Here 6 are the network parameters, 1 are the variational parameters of the approximate posterior
¢ (0), D is the training dataset, and po (@) is the prior. The two terms in the variational loss
correspond to data fit and regularization to the prior, the latter being analogous to a regularizer
r(60) = —log po(0) in traditional point estimation methods like SGD.

An important set of approaches learns the variational parameters by gradient descent on L(1))
[Blundell et al.,[2015]. More recently Khan and colleagues [Khan et al.;2018b, Khan and Rue, [2023]
Shen et al.,|2024] have proposed using the natural gradient F;lvwﬁ(w) where F, is the Fisher
information matrix of the variational family evaluated at g,,. Natural gradient descent (NGD) is often
more efficient than vanilla GD because it accounts for the intrinsic geometry of the variational family
[Amari, |1998]. [Khan and Rue| [2023] call this approach the "Bayesian Learning Rule" or BLR. Using
various choices for the variational distribution, generalized losses replacing negative log-likelihood,
and other approximations, they reproduce many standard optimization methods such as Adam, and
derive new ones.

We study Bayesian NN optimization in online learning, where the data are observed in sequence,
Dy = {(@k, Yx)%_; }, and the algorithm maintains an approximate posterior gy, (0;) ~ p(6:|D;),
which it updates at each step. Fast updates (in terms of both computational speed and statistical
efficiency) are critical for many online learning applications [Zhang et al., 2024]. To allow for
nonstationarity in the datastream, we include a time index on 6, to represent that the parameters
may change over time, as is standard for approaches based on state-space models and the extended
Kalman filter (see e.g., [Sarkka and Svensson, 2023]). The belief state is updated recursively using
the prior gqp,,, , derived from the previous time step so that the variational loss becomes

L) = —Eewqwt [log p(y¢|xt, 0:)] + Dxr (qwt|qwt|t71) @)

One option for this online learning problem is to apply NGD on £();) at each time step, iterating
until 1), converges before consuming the next observation. Our first contribution is a proposal for

Preprint. Under review.



skipping this inner loop by (a) performing a single natural gradient step with unit learning rate and
(b) omitting the Dxy, term in Eq. (2) so that learning is based only on expected loglikelihood:

Py = Pyp_1 + Flj,}“flVzpm_lEewa,,tlhl [log p (y:|z:, 0:)] 3)

These two modifications work together: instead of regularizing toward the prior explicitly using
Dxkr, (qwt |q¢m_1), we do so implicitly by using 1);;_ as the starting point of our single natural
gradient step. This may appear as a heuristic but we prove in Proposition [.T] that it yields exact
Bayesian inference when ¢., and p (y|z, ) are conjugate and ¢, is an exponential family with
natural parameter 1. Thus our proposed update can be viewed as a relaxation of the Bayesian update
to the non-conjugate variational case. We call Eq. (3) the Bayesian online natural gradient (BONG).

Our second contribution concerns the expectation in Eqgs. (I) to (3). This is intractable for NN,
even for variational distributions that are easy to compute, since the likelihood takes the form
p(yt|xe, 0:) = p(ye|f (x4, 6;)) with f (x4, 0;) representing the function computed by the network.
Many previous approaches have approximated the expected loglikelihood by sampling methods which
add variance and computation time depending on the number of samples [Blundell et al., 2015, |Shen
et al.,[2024]]. When the variational distribution is Gaussian (or a sub-family) we propose a determinis-
tic, closed-form update derived in two equivalent ways. First, we use a local linear approximation of
the network f(z¢, 0;) =~ f;(6:) [Immer et al.,2021a] and a Gaussian approximation of the likelihood
N (y:]f:(0:), Ry) [Ollivier, [2018] Tronarp et al.,[2018]. Under these assumptions the expectation in
Eq. (3) can be calculated analytically. Alternatively, we use a different linear approximation and a
delta approximation gy, , _, (0¢) ~ 6p,,,_, (0:) where pyj; 1 = ]E(h/)m_l [6;] is the prior mean, so that

the expectation in Eq. (E) is replaced by a plugin prediction log p(y:|f (¢, t4¢—1)). Assuming the
likelihood is an exponential family with natural parameter f(x¢, 6;) (which is true for classification
or regression), we prove in Proposition 4.2 that the linear-Gaussian and linear-plugin approximations
yield the same update, which we call linearized BONG, or BONG-LIN.

Our BONG framework unifies several existing methods for Bayesian online learning, and it offers
new algorithms based on alternative variational families or parameterizations. We define a large
space of methods by crossing several factors in our theoretical framework and conduct experiments
systematically testing how these factors affect online learning performance. We find support for all
three principles of our approach— NGD, implicit regularization to the prior, and linearization— in
terms of both statistical and computational efficiency.

2 Related work

Variational inference approximates the Bayesian posterior from within some suitable family in a
way that bypasses the normalization term [Zellner, 1988, Jordan et al.,|1999]. A common choice for
the variational family is a Gaussian. For online learning, the exact update equations for Gaussian
variational filtering are given by the RVGA method of [Lambert et al.;2021]]. This update is implicit
but can be approximated by an explicit RVGA update which we show arises as a special case of BONG.
Most applications of Gaussian VI use a mean-field approximation defined by diagonal covariance,
which scales linearly with model size. More expressive but still linear in the model size are methods
that express the covariance [[Tomczak et al.,[2020] or precision [Mishkin et al.| 2018 |Lambert et al.|
2023, |Chang et al.,|2023] as a sum of diagonal and low rank matrices (DLR). In this paper, we
consider variational families defined by full covariance, diagonal covariance, and DLR covariance.

For NNs and other complicated models, even the variational approximation can be intractable, so
methods have been developed to approximately minimize the VI loss. Bayes by backprop (BBB)
[Blundell et al., 2015]] learns a variational distribution on NN weights by iterated GD on the VI loss
of Eq. (I). They focus on mean-field Gaussian approximations but the approach also applies to other
variational families. Here we adapt BBB to online learning to compare to our methods.

The Bayesian learning rule (BLR) replaces BBB’s GD with NGD [Khan and Ruel, [2023]]. Several
variants of BLR have been developed including VON and VOGN for a mean-field Gaussian prior [Khan
et al., 2018b] and SLANG for a DLR Gaussian [Mishkin et al., 2018]. BLR has also been used to
derive versions of many classic optimizers including SGD, RMSprop and Adam [Khan et al.,[2018a,
Khan and Rue} 2023, |Lin et al., 2024, [Shen et al., 2024]. Although BLR has been applied to online
learning, we are particularly interested in Bayesian filtering including in nonstationary environments,
where observations must be processed one at time and updates are based on the posterior from the



previous step, often in conjunction with SSM dynamics. We therefore develop filtering versions of
BLR to compare to BONG, some of which reduce to VON, VOGN and SLANG in the batch setting,
while others are novel. We also note BLR is a mature theory including several clever tricks we have
not yet incorporated into our framework.

While BLR allows alternative losses in place of the NLL in Eq. (2), other work has further generalized
VI by replacing the KL term with other divergences [Knoblauch et al.| 2022]]. Our approach fits within
that framework in that it drops the divergence altogether. Our approach of implicitly regularizing
to the prior using a single NGD step is also similar to the implicit MAP filter of [Bencomo et al.
2023] which performs truncated GD from the prior mode. The principal difference is they perform
GD on model parameters (6;) while we do NGD on the variational parameters (t;). Thus BONG
maintains a full prior and posterior while IMAP is more concerned with how the choice of optimizer
can substitute for explicit tracking of covariance.

EKF applications to NNs apply Bayesian filtering using a local linear approximation of the network,
leading to simple closed form updates [Singhal and Wu, |1989, |Puskorius and Feldkamp), [1991].
The classic EKF assumes a Gaussian observation distribution but it has been extended to other
exponential families (e.g. for classification) by matching the mean and covariance in what we call
the conditional moments EKF (CM-EKF) [Ollivier, 2018, [Tronarp et al., 2018]. Applying a KL
projection to diagonal covariance yields the variational diagonal EKF (VD-EKF) [Chang et al., [2022].
Alternatively, projecting to diagonal plus low rank covariance using SVD gives LO-FI [[Chang et al.,
2023]]. We derive all these methods as special cases of BONG-LIN. Further developments in this
direction include the method of [Titsias et al.,[2023]] which does Bayesian filtering on only the final
weight layer, and WoLF [Duran-Martin et al.,2024] which achieves robustness to outliers through
data-dependent weighting of the loglikelihood.

3 Background

We study online supervised learning where the agent receives input ; € R and observation
y; € RY on each time step, which it aims to model with a function f(x, 8;) such as a NN with
weights 8, € R, The predictions for y; are given by some observation distribution p(y;|f(z:, 6;)).
For example, f may compute the mean for regression or the class logits for classification.

We work in a Bayesian framework where the agent maintains an approximate posterior distribution
over 8; after observing data D; = {(zx,yx),_,}. The filtering posterior gy, (8;) ~ p(6:|D;)
is approximated within some parametric family indexed by the variational parameter v;. We
allow for nonstationarity by assuming 6 changes over time according to some dynamic model
p(0:|0:—1). By pushing the posterior from step ¢ — 1 through the dynamics we obtain a prior
for step ¢ given by qy,,,_, (0:) ~ p(0¢|D;—1). For example if the variational family is Gaussian
Qo (01) = N (64|14, ;) and the dynamics are a Gaussian random walk 6; ~ N'(v6;_1, Q) then
the predict step would be py;_1 = Ypby—1, Dgpp—1 = ~v?%,_1 + Q. In general the predict step may
require approximation to stay in the variational family (e.g., if the dynamics are nonlinear), but in this
paper, our focus is the update step from 1p;;_; to ¥, upon observing (x¢,y¢), sO we assume constant
(static) parameters, i.e., p(0:|0_1) = 6(8; — ;1) for simplicity, i.e., we assume ;1 = ¥;_1,
although our method is more general.

Variational inference seeks an approximate posterior that minimizes the KL divergence from the
exact Bayesian update from the prior. In the online setting this becomes

;= arg;nian(qw((?t)lzflqw,,u_l(Gt)p(ytlf(wuGt))) = arg;ninﬁt(tb) O]

where L is the online VI loss defined in Eq. , and the normalization term Z; (which depends on
x;) drops out as an additive constant. Our goal is an efficient approximate solution to this variational
optimization problem.

We will sometimes assume ¢y is an exponential family with natural parameter 1) so that gy, (6;) =
exp (Y] T(0;) — ®(1)+)), with log-partition function ® and sufficient statistics 7'(6;). Assuming @
is strictly convex (which holds in the cases we study) there is a bijection between 1) and the dual
(or expectation) parameter p; = Eg,~q,, [T'(6;)]. Classical thermodynamic identities imply that the
Fisher information matrix has the form F,, = 0p;/0,. This has important implications for NGD
on exponential families [[Khan and Rue| 2023] because it implies that for any function ¢ defined on



the variational parameter space the natural gradient wrt natural parameters 1), is the regular gradient
wrt the dual parameters py, i.e., F;tl Vg, l=Vp, L.

4 Methods

We propose to approximate the variational optimization problem in Eq. (#) using the BONG update in
Eq. . When gy, is an exponential family, the fact that the natural gradient wrt the natural parameters
1) is the regular gradient wrt the dual parameters p; implies an equivalent mirror descent form (see
Appendix [D for further analysis of BONG from the MD perspective):

e =Py + vptquFhN%ﬂt,l [log p(y:|x:, 6:)] (&)

This is NGD with unit learning rate on the variational loss in Eq. li but ignoring the D, (qd, |q¢ﬂt7 L )
term. In this section we first prove this method is optimal when the model is conjugate and then
describe extensions to more complex cases of practical interest.

4.1 Conjugate case

Our approach is motivated by the following result which states that BONG matches exact Bayesian
inference when the variational distribution and the likelihood are conjugate exponential families:

Proposition 4.1. Let the observation distribution be an exponential family with natural parameter 6
(where for convenience Yy, is encoded as the sufficient statistics)

Pe(4]6:) o< exp (8] y: — A(6:) — b(yy)) (6)

and let the prior be conjugate

Qe (00) = exp (V] T(0)) — Dty 1)) ™
with T(6,) = [0y; — A(6y)]. Then the exact Bayesian update agrees with Eq. (5).

The proof is in Appendix [C| Writing the natural parameters of the prior as ¥y ;—1 = [X¢|¢—1; Vsjt—1]»
we show the Bayesian update and BONG both yield x; = X¢—1 +y: and vy = 14,1 + 1. Intuitively,
we are just accumulating a sum of the observed sufficient statistics, and a counter of the sample size
(number of observations seen so far).

4.2 Variational case

In practical settings the conjugacy assumption of Proposition[d.T will not be met, so Egs. (3) and (5)
will only approximate the Bayesian update. In this paper we restrict to Gaussian variational families.
We refer to the unrestricted case as FC (full covariance), defined by the variational distribution

q"/’t\t—l(et) :N(0t|y’t|t—152t\t—l) (8)

where 3;;,_; can be any PSD matrix. = The natural and dual parameters are ¥ =

(27 p, —ivec(X7Y)) and p = (p,vec(upT + X)). Appendix shows that Eq. (E) trans-
lated back to (p, 32) gives the following BONG update for the FC case:

pe = peji—1 + Bilo,nay,,  [Vo, log p(ye| f1(6:))] ®)
= = Zyi1 ~ Boay,,, [V6, logp(yil :(6,))] 10

which matches the explicit update in the RVGA method of [Lambert et al., 2021].

4.3 Monte Carlo approximation

The integrals over the prior gy, ,_, in Egs. (E) and (10) are generally intractable and must be
approximated. One option is to use Monte Carlo, in what we call BONG-MC. Given M independent



samples ét(m) ~ Qy,,_,> We estimate the expected gradient g; = Egtwqwt‘Fl [Ve, log p(y:| f:(6:))]

and expected Hessian G, = Eg, [V3, logp (y:|f¢ (6:))] as the empirical means

Ny
M
1 ~lm ~lMm
9 = i > am, g™ = Vg, o0 108 (Y| f:(6:)) (11)
m=1
M
1 ~(m ~(m
G;AC_HESS = M GE )7 GE ) - vzt:é£7rl) Ing(yt|ft(0t)) (12)
m=1 )

We use GMCHESS only for small models. Otherwise we use empirical Fisher (Section .

4.4 Linearized BONG

As an alternative to BONG-MC, we propose a linear approximation we call BONG-LIN that yields
a deterministic and closed-form update. Assume the likelihood is an exponential family as in
Proposition[4.1]but with natural parameter predicted by some function f;(6;) = f(x,6,):

p(yi|zi, 0:) o< exp (f1(0:)T yi — A(f:(0:)) — b(y:)) (13)

We also define the dual (moment) parameter of the likelihood as h;(6;) = E [y;| f:(6:)]. Ina NN, f;
and h; are related by the final response layer. For example in classification f; and h; give the class
logits and probabilities, with h(6;) = softmax(f;(8;)), with y; being the one-hot encoding.

We now define two methods for approximating the expected gradient g; and expected Hessian Gy,
based on linearizing the predictive model at the prior mean g1;;_; in terms of either f;(6;) or h:(6;),
and then prove their equivalence.

The linear(h)-Gaussian approximation [Ollivier, [2018| Tronarp et al., 2018 linearizes h:(6;)

hi(6;) = g + Hy (0, — Heji—1) (14)
Y = he(poje—1) (15)
H; = jac(he(-)) (keje—1) (16)
and approximates the likelihood by a Gaussian with variance based at pt;;_;
Pro(yel0:) = N(ye|he(6:),Ry), Ry =V [54]0; = pryjs1] a7)

The linear(f)-delta approximation linearizes f;(6;) and maintains the original exponential family
likelihood distribution in Eq.

fr(0:) = filpeyi—1) + Fe(0y — 1) (13)
F; = jac(fi(-))(Bee—1) 19)
PP (e|6:) o exp (f1(0:)Tye — A(f+(6:)) — b(yy)) (20)

It also uses a plug-in approximation that replaces g, ,_, (6;) with a point mass d,,, ,(6;) so
that the expected gradient and Hessian are approximated by their values at the prior mean:

Vo= 1 10gDrP (ye|0:) and V3 _,  log by (y:]6;).

Proposition 4.2. Under a Gaussian variational distribution, the linear(h)-Gaussian and linear( f )-
delta approximations yield the same values for the expected gradient and Hessian

g™ =HIR; (y: — %) e2))
GItJN—HESS — —HIR;lHt (22)

See Appendix for the proof. The main idea for the g;™ part is that the linear-Gaussian assumptions
make the gradient linear in 8; so the expected gradient equals the gradient at the mean. The main
idea for the G}™ ™SS part is that eliminating the Hessian of the NN requires different linearizing
assumptions for the Gaussian and delta approximations, and the remaining nonlinear terms (from the
log-likelihood in Eq. (I3)) agree because of the property of exponential families that the Hessian of
the log-partition A equals the conditional variance R;.



Applying Proposition 4.2]to Egs. (9) and gives the BONG-LIN update for a FC Gaussian prior

e = Pyt + Ke(ye — 91) (23)

Yy = Et|t71 - Kth2t|t71 (24)
-1

K; =%, H] (R; + H;3,;_H]) (25)

where K is the Kalman gain matrix (see Appendix [E.1.2). This matches the CM-EKF [Tronarp et al.,
2018} |Ollivier, [2018]].

4.5 Empirical Fisher

The methods in Sections M and M require explicitly computing the Mlg_a:;S HE qs.l )
Hessian of the loss (MC-HESS) or the Jacobian of the network (LIN-HESS). | |\ yess (@11 )
These are too expensive for large models or high-dimensional observations. MC-EF T1). (26
Instead we can use an empirical Fisher approximation that replaces the LIN-EF 27), (28]

Hessian with the outer product of the gradient (see e.g, [Martens} 2020]).
Table 1: The 4 Hessian

For the MC-EF variant, we make the following approximation: approximations.

1 /1. NPy
GQ/IC—EF _ _MGl(tl.M)GELM)T (26)

where Gl(kl:M) = [gt“), ce gt(M)] is the P x M matrix of gradients from the MC samples.

We can also consider a similar approach for the LIN-EF variant that is Jacobian-free. Note
that if ¢; were the true value of E [y;|x;] (i.e., if the model were correct) then we would have
E[(y: — 9¢)(y: — 9)7] = Ry, implying E [g;™ (g}"™)T] = —G}™"*°. This suggests using

9™ = Vor—p s [~ 3 W — he(0)) Ry (ye — he(6,))] @7
GI™T = —g™ (g} )

where Eq. (27) exactly implements Eq. (2I) as the gradient of a scalar objective (by the chain rule)
and Eq. (28) is the EF approximation to Eq. (22)). We expect LIN-EF to be much faster than LIN-HESS
with high-dimensional observations (since it avoids computing the Jacobian), but we do not report
experimental results on this combination and leave its implementation to future work.

A more accurate EF approximation is possible by sampling virtual observations g, from p(-| f, (0 (m)y)
or p(-| fi(t4¢/¢—1)) and using them for the gradients in Eq. @) or Eq. (28) (respectively) [Martens,
2020, |[Kunstner et al.,[2020]. However, in our experiments we use the actual observations y; which is
faster and follows previous work (e.g., [Khan et al.|[2018b]).

4.6 Algorithm variants

. . . Name Loss Update
In addition to the four ways of approximating the expected —

. . . . . BONG E[NLL] NGD{ =1)
Hessian (summarized in Table[l), we also consider four vari- BoG E[NLL] GD(U =1)
ants of BONG, based on what kind of loss we optimize and BLR % NGD(I > 1)
what kind of update we perform, as we describe below. See BBB VI GD{ > 1)

Table 2] for a summary. Note that BONG uses one-step update ]
with a fixed learning rate of oy, = 1 (which is optimal for ~ Table 2: The 4 update algorithms.
conjugate models), whereas the other variants all require tuning the learning rate.

BOG (Bayesian online gradient) performs one step of GD (instead of NGD) on the expected log-
likelihood. We include a learning rate o because GD does not have the scale-invariance of NGD:

Yri =it + eV, Bong,, ,  [logp(y:lf1(64))] (29)
BLR (Bayesian learning rule, [Khan and Rue!|2023]) uses NGD (like BONG) but optimizes the VI loss

using multiple iterations, instead of optimizing the expected NLL with a single step. When modified
to the online setting, BLR starts an inner loop at each time step with ¥, o = 1b;;_; and iterates

d’t,i = d’t,ifl + atF"/)t,i—lV"/)t,i—l(Egthwtvi_l [Ing(yt|ft(0t))] — DL (qwt,i—l |q'l/)t\t71)) (30)



Family and parameterization

Method FC, natural FC, moment Diag, natural Diag, moment DLR
BONG-MC-EF  O(MP?)* [RVGA] O(MP?)* O(MP)* O(MP)* O((R + M)?P)*
BLR-MC-EF O(IP3) O(IP3) O(IMP)* [VON] O(IMP)* O(I(R + M)?P)* [SLANG]
BOG-MC-EF O(P3) O(MP?) O(MP)* O(MP)* O(RMP)*
BBB-MC-EF O(IP3) O(IP3) O(IMP)* O(IMP)* [BBB] O(IR(R+ M)P)*
BONG-LIN-HESS O(CP?) [CM-EKF] o(cp?) O(C?P) [VD-EKF] o(c?p) O((R + C)2P) [LO-FI]
BLR-LIN-HESS o(1pP3) o(1P3) o(1C?P) O(IC?P) O(I(2R + C)?P)
BOG-LIN-HESS o(P3) o(cp?) o(c?p) o(c?p) O(C(C + R)P)
BBB-LIN-HESS o(1P3) o(1P3) o(1C?P) O(IC?P) O(I(C + R)RP)

Table 3: Time complexity of the algorithms. We assume P > {I,C, R, M} so display only the
terms of leading order in P. Cases where MC-EF is asymptotically faster than MC-HESS are denoted
with a * superscript; otherwise they are equal. Complexities of LIN-EF methods can be found by
replacing C' with 1. Named cells correspond to the following existing methods (or variants thereof)
in the literature: RVGA: [Lambert et al.,2021] (explicit update version); VON: [Khan et al., 2018b]
(modified for online); SLANG: [Mishkin et al.,[2018] (modified for online); BBB: [Blundell et al.,
2015]] (modified for online); CM-EKF: [Ollivier, 2018| Tronarp et al., 2018||; vD-EKF: [Chang et al.|
2022[|; LO-FI: [Chang et al., [2023|.

For an exponential variational family this can be written in mirror descent form
Vi = Y1+ Oétht,iﬂ(Eewqwt,iil [log p(y:| f¢(6:))] — Dxw (q1pt,if1|q1pt‘t_l)) (3D

BBB (Bayes By Backprop, [Blundell et al.l 2015]) is like BLR but uses GD instead of NGD. When
adapted to online learning, it starts each time step at tb; o = ;¢ and iterates with GD:

¢t7i = "pt,i—l + atv"/’t,i—l(EetN‘I'd)t‘i71 [logp(yt|ft(9t))] — DkL (qwt,i—l |q¢t|t71)) (32)

4.7 Variational families and their parameterizations

We investigate five variational families for the latent distribution: (1) FC Gaussian using natural
parameters @) = (7' p, —2%71), (2) FC Gaussian using central moment parameters ¢ = (p, %),
(3) diagonal Gaussian using natural parameters 1) = (o 2pu, —%U_Q), (4) diagonal Gaussian using
central moment parameters ¥ = (u, 02), and (5) DLR Gaussian with parameters ¥ = (u, X, W)
and precision X~! = ¥ + WWT where ¥ € RP*” is diagonal and W € RP>*# with R < P.
The moment parameterizations are included to test the importance of using natural parameters per
Propositiond.T. The diagonal family allows learning of large models because it scales linearly in the
model size P. DLR also scales linearly but is more expressive than diagonal, maintaining some of the
correlation information between parameters that is lost in the mean field (diagonal) approximation
[Lambert et al.,[2023} Mishkin et al., 2018}, |Chang et al., 2023|).

Optimizing the BONG objective wrt (p, X, W) using NGD methods is challenging because the Fisher
information matrix in this parameterization cannot be efficiently inverted. Instead we first derive the
update wrt the FC natural parameters (leveraging the fact that the prior 2;“171 is DLR to make this
efficient), and then use SVD to project the posterior precision back to low-rank form. However, if we

omit the Fisher preconditioning matrix and use GD as in BOG and BBB, we can directly optimize the
objective wrt (p, X, W) (see Appendix[E.5).

4.8 Opverall space of methods

Crossing the four algorithms in Table[2, the four methods of approximating the Hessian in Table|[T,
and the five variational families yields 80 algorithms. Table[3]lists 40 of the methods (focusing on the
MC-EF and LIN-HESS Hessian approximations that we use in our experiments), and states their time
complexity, in terms of P, the dimensionality of the parameter space; M, the number of MC samples
(not relevant for the linearized variants); I, the number of iterations per time step (we fix I = 1 for
BONG and BOG variants); I?, the rank of the DLR approximation (not relevant for full or diagonal
covariance); and C, the size of the output vector y; (relevant only for the LIN-HESS variants). Update
equations for all 80 algorithms are derived in Appendix [E. Pseudocode is given in Appendix [A.



5 Experiments

This section presents our primary experimental results. These are based on MNIST (D = 784,
Nirain = 60k, Nest = 10k, C' = 10 classes) [LeCun et al.l 2010]. See Appendixfor more details
on these experiments, and more results on MNIST and other datasets. We focus on training on a
prefix of the first 7" = 2000 examples from each dataset, since our main interest is in online learning
from potentially nonstationary distributions, where rapid adaptation of a model in response to a small
number of new data points is critical.

Our primary evaluation objective is the negative log predictive density (NLPD) of the test set
as a function of the number of training points observed so farﬂ It is defined as NLPD; =

fﬁ > iepe L0g [[ p(yil f (i, 01))qy, (8;)d6; | . We approximate this integral in two main ways:

(1) using Monte Carlo samplinor (2) using a plugin approximation, which we denote by NLL,
where we replace the posterior gy, (6;) with a delta function centered at the mean, §(60; — p¢).

For methods that require a learning rate (i.e., all methods except BONG), we optimize it wrt mid-way
or final performance on a holdout validation set, using Bayesian optimization on NLL. All methods
require specifying the prior belief state, p(6) = N(po, Xo = 02I). We optimize over o2 and
sample pty from a standard NN initializer. As Hessian approximations, we use MC-EF with M = 100
samples and LIN-HESS. (In the appendix, we also study MC-HESS but find that it works very poorly,
even with M = 1000.)

In Fig. [T we compare the 4 main algorithms using DLR representation with R = 10. We apply
these to a CNN with two convolutional layers (each with 16 features and a (5,5) kernel), followed
by two linear layers (one with 64 features and the final one with 10 features), for a total of 57,722
parameters. In Fig.[2 we use the same model to compare BONG using different variational families.
Shaded regions in these and all other plots indicate =1 SE, based on independent trials randomly
varying in the prior mean g, data ordering, and MC sampling.

We draw the following conclusions, which are further supported by additional results in Appendix B}

* Linearization helps: BONG-LIN-HESS outperforms all other methods, and BLR-MC-EF (based on
the standard BLR) is outperformed by the new linearized BLR-LIN-HESS.

* NGD helps: BOG does well but not as well as BONG.

* Implicit regularization helps: BONG outperforms BLR.

* DLR outperforms diagonal, and greater rank is better. (We find in results not reported here that
rank 5-10 often gives results as good as FC.)

* The LIN-HESS approximation outperforms MC-EF.

* DIAG_MOM and DIAG perform comparably to each other.

Finally, in Fig.[3 we report the runtimes from the experiments in Figs. [T and[2, We see significant
speed advantages for the one-step methods (BONG and BOG vs. BLR and BBB) and for the linearized
methods (LIN-HESS vs. MC-EF).

6 Conclusions, limitations and future work

Our experiment results show benefits of BONG’s three main principles: NGD, implicit regularization
to the prior, and linearization. The clear winner across datasets and variational families is BONG-LIN-
HESS, which embodies all three principles. BLR-LIN-HESS nearly matches its performance but is
much slower. Several of the best-performing algorithms are previously known (notably CM-EKF and
LO-FI) but we explain these results within a systematic theory that also offers new methods (including
BLR-LIN-HESS).

BONG is motivated by Proposition[d.T which applies only in the idealized setting of a conjugate prior.
Nevertheless we find it performs well in non-conjugate settings. On the other hand our experiments

'We assume the training and test sets are drawn from the same static distribution. Alternatively, if there is only
one stream of data coming from a potential notstationary source, we can use the prequential or one-step-ahead
log predictive density Gama et al. [2013|]. We leave studying the non-stationary case to future work.

train

*That is, we compute S = 100 posterior samples 0 ~ p(6:/Df4") and then use p(ylx) =~
£ Zle p(y|x, 87). For efficiently sampling from a DLR Gaussian we follow Mishkin et al.|[2018].



are based on relatively small models and datasets. It will be important to test how our methods scale

up, especially using the promising DLR representation.
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A Abstract pseudocode

Algorithms|T]to[7] give pseudocode for applying the methods we study. The update step in Algorithm 3]
calls one of four grad functions (Algorithms @] to[7) that estimate the expected gradient and Hessian
using either MC or linearization combined with either the direct Hessian (or Jacobian and observation
covariance) or EF. The update step also calls an inner step function that implements BONG, BLR,
BOG or BBB on some variational family corresponding to the encoding of 4/ (not shown). In practice
the grad-fn and inner-step-fn are not as cleanly separated because the full matrix G ; is not passed
between them except when the variational family is FC. When the family is diagonal, grad-fn only
needs to return diag(Gy ;). When grad-fn uses EF, it only needs to return Gg};M) (grad-MC-EF)
or gi' (grad-LIN-EF) and inner-step-fn will implicitly use the outer product of this output as Gy
Finally, note the expressions for g;'" in Algorithms |§ and |z are equivalent ways of computing the

same quantity, as explained after Eq. (27).

fort =1:00do
Pyj¢—1 = predict(ep_1)
¥y = update (i1, T¢, Yr)
end
Algorithm 1: Main loop.

def predict(p;_1):
Return 9,1 = P11
Algorithm 2: Predict step. We assume for simplicity that the parameters are constant over time.

def update(py;—1, ¢, Y, f(), A(), grad-fn, inner-step-fn, o, I, M):
"pt,o = "/)t|t71
ft(0¢) = f(x¢,6:)
hi(0:) = Ely:|z¢, 0] = Vn:f,,(e,,)A(n)
Vi(8:) = Covly|as, 0] = V2_; 5,)AN)
04(0;) = log p(y:|x:, 0;) = log p(y: | f:(0:))
fori=1:1do
(Gt,i» Ge,i) = grad-fn(tpy i1, by, by, Vi, M)
Py ; = inner-step-fn(Yyi—1, VYr,i—1,Gt.i, Gi.is @)
end
Return v, 1
Algorithm 3: Update step. The inner-step-fn is BONG, BLR, BOG or BBB (not shown).
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def grad-MC-HESS (v, ;—1, 4, hy = [, Vi =[], M):
form=1: M do

at(,rzn) ~ Qapy i (0)
gﬂ”::ve,@waen
(m) vz é@ét(ot)
end ,
glltv,[zc = M sz 1 A(M)
wﬁm=MDMGW
Return (g;'s, G'§™5°)
Algorithm 4: MC gradient/Hessian estimator

def grad-MC-EF(v¢,;—1, {1, he = [|, Vi =[], M):
form=1:Mdo

017 ~ 4y, ..(6)
gﬁjzn) - Vet :éim) ft (ef)

end
g = 3 Lt 917
G =gt 8l
FERRRY
1:M A(L:M)T
GI;/IZCEF:_ 1 G )Gt(t,i )

Return (g5, GMC EF)
Algorlthm 5: MC gradient/Hessian estimator with Empirical Fisher

def grad-LIN-HESS (i1, & = [|, b, Vi, M = []):
Biio1 = B0 i 1]
Qt,z‘ = ht(#t,iq)
H; ; = jac(hs(-))(1e,i-1)
Rt i = Vt(,ut,iq)
g9y = HtT,iRt_,z‘l(yt )
GLI’i\I HESS __ HT R_le
; LIN GLIN HESS)

Return (g;'Y,
Algorithm 6: Linearized gradient/Hessian estimator

def grad-LIN-EF (¢ 1, ¢: =[], he, Vi, M = ]):
Mt i—1 = E[0t|¢t,171}
Rii = Vi(peio1)

LIN
9ii = v9t =piio1 [

1
GULIN-EF _ LIN (g%I’LN§

Return (gt IN GLIN EF)
Algorlthm 7: Linearized gradient/Hessian estimator with empirical Fisher

T( = hi(0:))T R;il(yt - ht(at))]
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B Additional experiment results
In this section, we give a more thorough set of experimental results.

B.1 Further running time measures
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Figure 4: Running time (seconds) vs number of parameters P (size of state space). (a) Full Covariance
representation. (b) DLR representation. The BLR plot is truncated due to out of memory problem.

The running times of the methods for the FC and DLR case are shown in Fig. ] These were computed
on a synthetic regression dataset. The slower speed of BLR (even with I = 1) relative to BONG
is at least partly attributable to the fact that BLR must compute the SVD of a larger matrix (see

Appendices[E.5.3 and [E.5.4).

B.2 Detailed results for CNN on MNIST

Here we report further metrics from the experiments in Figs. [l and[2 In addition to plugin NLPD
and MC NLPD, we evaluate using the linearized approximation proposed in Immer et al.|[2021b], in
which we replace h(x;, 0;) with h(x;, 8;) defined in Eq. . The motivation for this approximation
is the following. If we push posterior samples through a nonlinear predictive model, the results
can be poor if the samples are far from the mean. However, if we linearize the predictive model,
extrapolations away from the mean are more sensible. (This is true even if the posterior was not
explicitly computed using a linear approximation.) For each of these three likelihood metrics, we
also measure the corresponding misclassification rate based on picking the most probable predicted
class from the corresponding predictive distribution. Results are shown in Figs. [ and [f]
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Figure 5: MNIST results for methods using DLR family.
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Figure 6: MNIST results for BONG variants.
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B.3 SARCOS dataset

In addition to MNIST, we report experiments on the SARCOS regression dataset (D = 22, Nyin =
44,484, Nioy = 4449, C' = 1). This dataset derives from an inverse dynamics problem for a seven
degrees-of-freedom SARCOS anthropomorphic robot arm. The task is to map from a 21-dimensional
input space (7 joint positions, 7 joint velocities, 7 joint accelerations) to the corresponding 7 joint
torques. Following Rasmussen and Williams|[2006], we pick a single target output dimension, so
C = 1. The data is from https://gaussianprocess.org/gpml/data/.

We use a small MLP of size 21-20-20-1, so there are P = 881 parameters. For optimizing learning
rates for SARCOS, we use grid search on NLPD-PI. We fix the variance of the prior belief state
to 02 = 1.0, which represents a mild degree of regularization We fix the observation variance

to Ry = O.IR, where R = Var(y;.7) is the maximum likelihood estimate based on the training
sequence; we can think of this as a simple empirical Bayes approximation, and the factor of 0.1
accounts for the fact that the variance of the residuals from the learned model will be smaller than
from the unconditional baseline. We focus on DLR approximation of rank 10. This gives similar
results to full covariance, but is much faster to compute. We also focus on the plugin approximation
to NLPD, since the MC approximation gives much worse results (not shown).

B.3.1 Comparison of BONG, BLR, BBB and BOG

In Fig.[7]we show the results of using the LIN-HESS approximation. For 1 iteration per step, we see
that BONG and BLR are indistinguishable in performance, and BBB and BOG are also indistinguishable,
but much worse. For 10 iterations per step, we see that BBB improves significantly, and approaches
BONG and BLR. However, BLR and BBB are now about 10 times slower. (In practice, the slowdown is
less than 10, due to constant factors of the implementation.) (Note that BONG and BOG always use a
single iteration, so their performance does not change.)

In Fig. [8|we show the results of using the MC-EF approximation with MC = 100 samples. The trends
are similar to the LIN-HESS case. In particular, for I = 1, BONG and BLR are similar, with BONG
having a slight edge; and for I = 10, BBB catches up with both BONG and BLR, with BOG always
in last place. Finally, we see that the performance of MC-EF is slightly worse than LIN-HESS when
I =1, but catches up with I = 10. However, in larger scale experiments, we usually find that
LIN-HESS is significantly better than MC-EF, even with I = 10.
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Figure 7: Predictive performance on SARCOS using MLP 21-20-20-1 with DLR rank 10. Error bars
represent -1 standard deviation computed from 3 random trials, randomizing over data order and
initial state f¢o. (a) We show all 4 algorithms combined with LIN-HESS approximation and I = 1. (b)
Same as (a) but with 1 = 10.

3This value was based on a small amount of trial and error. Using a smaller value of o results in underfitting
relative to a linear least squares baseline, and using a much larger value results in unstable posterior covariances,
causing the NLPD-MC samples to result in NaNs after a few hundred steps.
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Figure 8: Same as Fig. except we use MC-EF approximation with MC = 100.

B.3.2 Learning rate sensitivity
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Figure 9: Same setup as Fig.[7| except now we plot performance for BLR for 5 different learning rates.
We also show BONG as a baseline, which uses a fixed learning rate step size of 1.0.

In Fig.[9/we show the test set performance for BLR (with LIN-HESS approximation) for 5 different
learning rates (namely 5 x 1073, 1 x 1072,5 x 1072,1 x 107!, and 5 x 107 1).

When using 1 iteration per step, the best learning rate is o = 0.5, which is also the value chosen
based on validation set performance. With this value, BLR matches BONG. For other learning rates,
BLR performance is much worse. When using 10 iterations per step, there are several learning rates

all of which give performance as good as BONG.

In Fig.[T0, we show the analogous plot for BBB. When using 1 iteration per step, all learning rates
result in poor performance, with many resulting in NaNs. When using 10 iterations per step, there are
some learning rates that enable BBB to get close to (but still not match) the performance of BONG.

Finally, in Fig.[ITa, we show the analogous plot for BOG with LIN-HESS, and in Fig. [[Tb|with MC-EF,

where results are much worse.

Overall we conclude that all the methods (except BONG) are quite sensitive to the learning rate. In
our experiments, we pick a value based on performance on a validation set, but in the truly online
setting, where there is just a single data stream, picking an optimal learning rate is difficult, which is

an additional advantage of BONG.
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Figure 10: Same setup as Fig. |z, except now we plot performance for BBB for 5 different learning

rates. We also show BONG as a baseline.
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Figure 11: We plot performance for BOG for 5 different learning rates. We also show BONG as a
baseline. (a) LIN-HESS approximation. (b) MC-EF approximation.

C Proof of Propositions 4.1 and

Proposition[4.1] To ease notation we write the natural parameters of the prior as Vi1 =
[Xt|t_1; l/t|t_1], which can be interpreted as the prior sufficient statistics and prior sample size.
Note that o, can be omitted as a constant. Based on the prior Qepr)s_s (6;) the exact posterior is

P(0:Dy) o< Gy, ,,(6:) pe(y:|6:)

X

K

dy, (et)

Xt|t—1 T Yt

b Vip—1 + 1

For BONG, we first note the dual parameter is given by

Pei—1 = Eo,~qy, ,_, [T(61)]

:E9

exp (X 10 = vip-1A(8:) ) exp (0] y: — A(9,))

ey g
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Therefore the natural gradient in Eq. (5)) is

vpt\t—lEet““M}t‘t71 [logp(yt‘at)] = Vpﬂt—lEatN‘hb”t,l [e;ryt —A (Bt)] (39)
= Vo1 Plli—1 [ 4 } (40)
_ | Yt
*]

Therefore the BONG update yields ¥, = [Xy¢—1 + Yi; Ve¢—1 + 1] in agreement with Eq. @]) O

Proposition The intuition behind this proof is as follows. For the mean update in Eq. @]) Vo, !
is linear in 6, so the expectation equals the value at the mean. For the covariance update in Eq. (10)
Vgtﬁt is independent of ; so we can drop the expectation operator. The tricky part is why we
need different linearizations for the Hessians to agree. It has to do with making the Hessian of the
NN disappear (as in GGN). In the Gaussian approximation this happens when the predicted mean
(y: = f:(0,))is linear in 8;. In the plugin approximation it happens when the outcome-dependent part
of the loglikelihood (h:(0;)Tyy) is linear in 6;. In the latter case the only nonlinear term remaining in
the log-likelihood is the log-partition A, and the two methods end up agreeing because of the property
that the Hessian of the log-partition equals the conditional variance R;.

Formally, under the linear(h)-Gaussian approximation in Eqs. (14) and (17) the expected gradient
and Hessian can be calculated directly:

E(Jﬂwqi,,mf1 [Vet logﬁt(’yt\et)] = Eethwmfl [Hngl(yt — Yy — Ht(et - Nt|t71)] 42)

=H/R; '(y: — 91 (43)
Eo~qy,, , [Ve, log b (y:|6:)] = Eo:~ay,,_, [-H]R,'H,] (44)
= -H/R; 'H, (45)

For the linear(f)-delta approximation we use the properties of exponential families that (1) the
gradient of the log-partition A with respect to the natural parameter f;(6;) equals the expectation
parameter h;(6;), (2) the Hessian of the log-partition with respect to the natural parameter equals the
conditional variance, and consequently (3) the Jacobian of the expectation parameter with respect to
the natural parameter equals the conditional variance R;:

Vst ) AM) = ha(pe—1) = 9 (46)
V"Q']:ft(”t\t—l)A(n) =V [ytwt = Nt\tfl] =Ry (47)
Oh(6;) _R, 48)

aft(et) Or=pi)¢—1

The last of these implies F: = R, 'H,. Therefore the expected gradient and Hessian can be
calculated as

Eo,~s,,,,_, Vo, 102D (y]0:)] = Vo, =pu,;,_, 10g P (y:(6:) (49)

=Fly: — FIVoeti(u ) AM) (50)

=F(y: — o) (51

=HIR; ' (y: — ) (52)

Eewéut“fl [V%t 10gﬁt(yt|9t)] = Vgt:m‘t,l log P (y:10:) (53)
_ 2

- _F;l' <V77:ft(/~"t\t—l)A(n)) Fy (54

— _FIR,F, (55)

= -H/R; 'H, (56)

O
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D Mirror descent formulation

In this section we give a more detailed derivation of BONG as mirror descent and use this to give two
alternative interpretations of how BONG approximates exact VB: (1) by approximating the expected
NLL as linear in the expectation parameter p, or (2) by replacing an implicit update with an explicit
one.

Assume the variational family is an exponential one as introduced at the end of Section [3] with natural
and dual parameters v and p, sufficient statistics 7'(8), and log-partition ®()):

4(0) = exp (PTT(0) — (v)) (57)
p=Egq,[T(0)] (58)

We first review how NGD on an exponential family is a special case of mirror descent [Khan and|
Rue| 2023, Martens, [2020]. The mirror map is the gradient of the log-partition, which satisfies the
thermodynamic identity

p=Vo(y) (59)

This is a bijection when ® is convex (which includes the cases we study), so we can implicitly treat
1 and p as functions of each other. Given a loss function L(%)), MD iteratively solves the local
optimization problem

ier = argmin (7, L0, ) + Do (1.3) (60)

The first term is a linear (in p) approximation of L about the previous iteration 1p; and the second
term is the Bregman divergence

Do (i, ¥iy1) = (i) — @(Piv1) — (Yi — Y1) pira (61)

The Bregman divergence acts as a regularizer toward ); and captures the intrinsic geometry of the
parameter space because of its equivalence with the (reverse) KL divergence

D (@1 10p:) = Eomay,,, [($ir1 — )T T(0) + P(¢h;) — (thir1)] (62)
= Do (i, Pit1) (63)

Importantly, this recursive regularizer is not part of the loss and serves only to define an iterated
algorithm that converges to a local minimum of L. Solving Eq. by differentiating by p yields the

MD update
Yiy1 = Y —aVy, L(;) (64)

Because the Fisher matrix for an exponential family is F', = 0p /01, this is equivalent to NGD with
respect to 7). [Khan and Rue|[[2023] offer this as a derivation of the BLR, when L(%)) is taken to be
the variational loss from Eq. (IJ).

By applying this analysis to the online setting, our approach can be seen to follow from two insights.
First, the online variational loss in Eq. (2) already includes KL divergence from the previous step, so
we do not need the artificial regularizer in Eq. (60). That is, if we start from the online variational
problem in Eq. () and define L, () as the expected NLL,

Li(¢) = —Eo,~q, [log p(y:| £1(6:))] (65)
then replacing L; (1)) with a linear approximation based at 1);;_, and applying Eq. (63) leads to
'l/"t = argj}nin <th\t—1Lt(¢t|t*1)’ p> + D‘i’(wtﬁfla 'l/J) (66)

By comparing to Eq. (60) we see this defines an MD algorithm with unit learning rate that works in a
single step rather than by iterating. Paralleling the derivation of Eq. from Eq. we get

Y =Yye—1 — Vo, Le(Prje—1) (67)

which matches the BONG update in Eq. (5). Thus BONG can be seen as an approximate solution of
the online variational problem in Eq. (4) based on linearizing the expected NLL wrt p. (Note this is
different from the assumption underlying BONG-LIN that the NLL is linear in 6;.)
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Second, in the conjugate case, this linearity assumption is true: L, is linear in p (see proof of
Proposition [.T). Therefore [66]is equivalent to solving Eq. (@) exactly:

Py = arngnin Li(v) + Da (Y1, ) (68)

This recapitulates Proposition [.1]that BONG is Bayes optimal in the conjugate case. In general the
exact solution to Eq. is

e = i1 — Vp, Li(¢n) (69)

This is an implicit update because the gradient is evaluated at the (unknown) posterior, whereas
Eq. is an explicit update because it evaluates the gradient at the prior. (In the Gaussian case these
can be shown to match the implicit and explicit RVGA updates of [Lambert et al., 2021]].) Therefore
BONG can be also interpreted as an approximation of exact VB that replaces the implicit update,

Eq. (69), with an explicit update, Eq. (67).

E Derivations

This section derives the update equations for all 80 algorithms we investigate (Table [3 plus the
MC-HESS and LIN-EF variants). In Appendix [E.6| we also translate the BLR algorithms from our
online setting back to the batch setting used in|Khan and Rue|[2023].

For an exponential variational family with natural parameters v and dual parameters p, we can derive
all 16 methods (BONG, BLR, BOG, BBB under all four Hessian approximations) from four quantities:

Voii1Bomgy, 108D (y:]f: (61))] (70)
Voui D (0 1|0, ) (71)
VoiioiBo,~ay, , , 10g8p (ye]fe (6:))] (72)
Vs DrL (@i [ Gapys 1) (73)

The NGD methods (BONG and BLR) use gradients with respect to p; ;—; while the GD methods (BOG
and BBB) use gradients with respect to 1), ;1. For BONG and BOG the Dxj, term is not relevant, and
there is no inner loop s0 ¥ ;1 = ;1 and g¢; = gi, Gri = Gy.

When 4 is not the natural parameter of an exponential family we must explicitly compute the inverse-
Fisher preconditioner for the NGD methods. Therefore the updates can be derived from these three
quantities:

F'd’t,i—l (74)
Vi1 Boingy, ,, 10gp (Yl fi (6:))] (75)
th,i—lDK]L(qwt.ifl|q¢t\t—l) (76)

We will frequently use Bonnet’s and Price’s theorems [Bonnet, |1964, [Price, 1958]
Vi BN (ueior. 2o 1080 (Wil £t (00))] = Envpr oy, 30- 1) [V, log p (ye] f1 (61))] (77)

=Gt (78)
vzt,iflEN(lJ't,ifhzt,i—l)[logp (yt|ft (OT))] = %E/\/(Ht,ifl:zt,ifl) [VZ, Ing (yt|ft (Of))] (79)
=1Gy; (80)

For diagonal Gaussians with covariance Diag (0'2), Price’s theorem also implieﬂ

Vg2 EgtNN(Ht,iflvzt,i—l) [logp (ytlft (Ot))] = %dlag (thi) (81)

Tii-1

Update equations for MC-HESS, MC-EF and LIN-EF methods are displayed together in the subsections
that follow, because for the most part they differ only in the choice of G}“"H55S, G}Y'“FF or G;™FF to

*We use diag(A) to denote the vector of diagonal elements of matrix A and Diag(v) to denote the matrix
whose diagonal entries are v and off-diagonal entries are 0.

22



approximate G, and g}'® or g;™ to approximate g;. We note cases where decomposing G}“*F =
~ (1: A (1:M)T
GEI'M)GEI'M) or GENEF = glIN (gE™N)T allows a more efficient update.

We derive updates for BONG-LIN-HESS and BOG-LIN-HESS from the corresponding BONG-MC-HESS
and BOG-MC-HESS updates using Proposition which entails substituting

g — HIR (v — ) (82)

G; —» -H]R;'H, (83)

For the algorithms with inner loops (BLR and BBB) we adapt the notation of Section§.4]as follows:
Yei = he (eio1) (84)

Hy; = jac (he () (mt,i-1) (85)

Rii = VY0 = pei1] (86)

9t = HLR, [ (Y — Uei) (87)

G, = -H] R, /H;, (88)

This corresponds to basing the linear( f)-Gaussian and linear(k)-delta approximations at pt; ;1 instead
of pt;¢—1. Thus the updates for BLR-LIN-HESS and BBB-LIN-HESS are obtained by substituting

gi — HL Ry (g — 91) (89)
G, » —H] R, /Hy; (90)
E.1 Full covariance Gaussian, natural parameters

The natural and dual parameters for a general Gaussian are given by

1 - 1
wgz)fl = Etil 1Mti—1 PE,Z-)A = HKti-1 OD
wi,zi)q =335 pii-),l = Pei-1My ;T i1 92)
Inverting these relationships gives
(2)-1 1
Hti—1 = %d’t z) 1 t 2 1= pg,i) 1 93)
S = -390 = p 1 =Pl (94)

The KL divergence in the VI loss is

DKL(qwt,i—l‘q¢t‘t71) = % (Nt,i—l - /J't|t71)T Et_|t1—1 (Ht,i—l - ll't\tfl)

+ %Tr (Zt_lt 1Et7i_1) — %1og |%¢i—1]) + const (95)
with gradients
_ —1
v”t,i—lDK]L(q'll’t,i—l|q'l/1t|t—1) - Et\tfl (ﬂt,ifl - l"t\t—l) (96)
vzt,i—lDKﬂa(qwt,i—l|q'¢'t|t,—1) = (2t|t1 1 2?,3-1) 97

Following Appendix C of [Khan et al., 2018a], for any scalar function £ the chain rule gives

Opnei- 0%,
Vo b=FELy, 0 Sl (98)
nt 0Py i1 0Py iy
= vﬂmflé_ 2 (Vzm 1£> Hti—1 99)
Opaei— )
Vo f= ”E’J) Vil + Vs, L (100)
nt 0Py i1 Pii—1
= vzt,i—lg (101)
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Therefore

v ) Eewqw,l [logp (y:|f+ (0:))] = gt,i — G ibte i1 (102)
Vo Eoreae,, , [ogp (wilfy (00)] = 3G, (103)

and
Vpiyli)_lD]K]L (Gprss ‘q'd’t\t—l) = Et_,ilfﬂ/ft,i—l - E;tl_lllaﬂtﬂ (104)
Vpgiv’)ilDKL(qwt,ifl‘qd’t\t—l) = (Eﬂtl 1 2&1_1) (105)

Following the same approach for 1) gives

O i— 03 i
Vo (=02ly, 04 s (106)
o a’(/)tz 1 8'¢t’i71
= _§ E,Qi)—llvlit,iflg (107)
= 2t7i_1v,_bm71£ (108)
0 i— 19> i—
Vg (= eV, 0+ T, (109)
ot a17btz 1 31/% 1
1 2)—1 2)—1 2)—1
= 2¢tz 1 ( peial) @bt(,i)jlwt(z) 1 +%¢1§,i)71 (Vs,,.0) t(l)fl (110)
=281 (Ve ) i1 +280i1 (Vs 0) Bria (111)
Therefore
Vo) Eomay, [1ogp (Yl f: (0:))] = Zti 191 (112)

\Y% Ei)_1E0th"’tvi*1 logp (yel fr (0:))] = 2% i1geiptf ;1 + Bti-1Gri B¢ (113)
and
v¢£}i)7lDKL (Gpri s |Q¢t‘t,1) = Et,i—lzt_‘tl_l (otim1 — poaje—1) (114)
V,d)fi)_lD]K]L (Gpri s |q1pt‘t,1) = 22@1’—12;2_1 (Btim1 — Beje—1) By

+ i (Tt - Bk Buia (115)

E.1.1 BONG FC (explicit RVGA)
Substituting Egs. (I02)) and @ into Eq. (3) gives

1/’t|t 1t 9 — Gepgpp—a (116)
2 2
§):¢$A+%Gt (117)
Translating to (p;, X;) gives the BONG-FC update
M = Pji—1 + Xigy (118)
3 =%, G (119)

This is equivalent to the explicit update form of RVGA [Lambert et al.,[2021]. Using G} HESS this
update takes O(P?) because of the matrix inversion. Using GY“FF and the Woodbury matrix identity
we can write the update in a form that takes O (M P? + M?3):

pe = pyp—1 + Kl (120)

2t=2m4eJQG“M”2m4 (121)
~ (1. —1

K, = 3y G ( [+ Gy G ) (122)
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Likewise using GE™NFF takes O(P?):

Bt = pype—1 + K (123)

=31 — K (g™) e (124)
E LIN

Kt _ t|t— 19¢ (125)

L+ (gF™)" Zyp—1gt™

E.1.2 BONG-LIN-HESS FC (CM-EKF)
Applying Proposition#.2]to Egs. (I18) and (I19) gives the BONG-LIN-HESS-FC update

pe = -1 + SHIR (ye — @) (126)
=2 +HR,'H, (127)

tlt—1

This is equivalent to CM-EKF [Tronarp et al., 2018, |Ollivier, [2018] and can be rewritten using the
Woodbury identity in a form that takes O(C'P* + C?):

e = pye—1 + Ke(ye — 91) (128)

Yy = Et|t71 - Kth2t|t71 (129)
-1

K; =%, H] (R; + H;3,;_H]) (130)

E.1.3 BLRFC
Substituting Eqs. (102)) to (103) into Eq. gives

g_) = (1) 1t (Qt i — Gyt i—1 — E;},lut,iq + E[‘tlfl,um,l) (131)
2 =vl o+ S (Gl - 3h) (132)
Translating to (gt;;, 3 ;) gives the BLR-FC update
Mei = Hi—1 + Oéxt,z‘zatl,l (Beji—1 — Beio1) + aBp G (133)
T=0-a)T L +aZ | —aGy, (134)

This update takes O (P?) per iteration because of the matrix inversion. In Appendixwe were able
to use the Woodbury identity to exploit the low rank of G}'“5F and G}™*F and obtain BONG updates
with complexity quadratic in P. This does not appear possible with Eq. (I34) because of the extra
precision term on the RHS (applying Woodbury would require inverting (1 — a)Et o1 HaXy ¢ t -

Therefore unlike BONG-FC, BLR-FC requires time cubic in the model size, for reasons that can be
traced back to the KL term in Eq. (3T).

E.1.4 BLR-LIN-HESS FC
Applying Proposition [4.2]to Egs. and gives the BLR-LIN-HESS-FC update
Mig = M1 + ady izatl L (i1 — peio1) + azt,iH;iR;il (Yt — Ye.i) (135)

B =0-0)% ] + aEt“ ,+oH] R, [ H, (136)

This update takes O(P?) per iteration because of the matrix inversion.

E.1.5 BogG FC

Substituting Egs. (112)) and (I13) into Eq. (29) gives
"/’t|t L aXy 19 (137)
Q/’t|t 1t 2a§3t|t_1gtutﬂt,1 + a1 Gy (138)
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Translating to (p:, ;) gives the BOG-FC update

e =By, g+ aZe iy age (139)
2;1 = 2;&,1 - 4a2t|t—1gthT|t,1 - QO‘Et\t—thzt\t—l (140)

This update takes O(P?) because of the matrix inversion. The greater cost of the BOG-FC update
relative to BONG-FC can be traced to the difference between GD and NGD: the NLL gradients wrt

Py¢—1 in Egs. (112) and (113) are more complicated than the gradients wrt p;;_; in Egs. 1i
and (103).

E.1.6 BOG-LIN-HESS FC

Applying Proposition.2]to Eqs. (I39) and (I40) gives the BOG-LIN-HESS-FC update

pe =2, e+ aB Sy HIRY (yi — 9e) (141)
E;l = 2;“171 — 4a2t\t—1HgR;1 (yt — Qt) H;r‘t71 + 2a2t‘t—1HgR;1Ht2t|t_1 (142)

This update takes O(P3) because of the matrix inversion.

E.1.7 BBBFC
Substituting Egs. (T12)) to into Eq. gives
t(,li) = 1/%(,12-)71 +oXi 19t — azt,iflzatl_l (Btim1 — Baje—1) (143)
t(z) = ¢t(2l)_1 + 208 1geim] i + oSy 1G By
= 2030135 (i1 — pager) sy — 0T (S, - Bik) B (144)

Translating to (g, 3 ;) gives the BBB-FC update

Mii = zt,i2;¢1_1l"t,i—1 +aX ;X1 (gt,i + Et_‘tl,l (Betje—1 — /J't,i—l)) (145)

250y (Beje—1 — pei1) il +1p
B =8, - 208 ( +29t|7,-u;i1|+ (G =250 ) Zeia ) (146)
This update takes O(P?) per iteration because of the matrix inversion.
E.1.8 BBB-LIN-HESS FC
Applying Proposition[#.2]to Egs. and gives the BBB-LIN-HESS-FC update
K = Et,izgz’l_lll't,ifl
+aX ;3 (HthRt_zl (Yt — Yri) + Zt_|t1_1 (B — Nt,i—l)) (147)
22t_|t1_1 (Beje—1 — pt,i-1) pi; o +1Ip
S =), 2%, +2H] Ry (e — 9ei) 1]y (148)
~ (HLRO M+ 25 ) S
This update takes O(P3) per iteration because of the matrix inversion.
E.2 Full covariance Gaussian, Moment parameters
The Bonnet and Price theorems give
Vi1 Boinay, , , [logp (Yl fe (00))] = gr.q (149)
Vs 1Eonay, . 1080 (Yl fe (0:)] = 3G (150)
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From Appendix [E.T|we have

v#t,i71D]KIL(q1/Jt,i—1 |q¢t|t—1) = Et_\fl_l (u’t,i—l - Ht\t—l) (151)
Vi D (g, ) = 3 (Zhl, - =0l (152)
We write the Fisher with respect to the moment parameters v» = (u, vec(X)) as a block matrix:
— Fuyu FH,E
F= [ Fy, Fsx } (153)
The blocks can be calculated by the second-order Fisher formula
Fupu=—Eg,[Vuulogqy(0)] (154)
-1 (155)
FH,E = _Eqw [vu,Z 10g G (0)] (156)
=—Eq, [(VsZ71) (60 — )] (157)
=0 (158)
ngg = 7Eq¢ [ngg log q¢ (0)] (159)
= —Eg, [Vs (%2*1(0 — )0 —p)TE ! - %2’1)] (160)
Vel ) (0 —p)(0 —p)TE !
=-1E (Vs 161
250 | 4310 = p)(0 — )T (VeS~1) — (Va3 (i61)
= —lvgz—l (162)
_ixign! (163)
In the final line we used
Vi (Eil)ij - (271)1‘1@ (271)]{ (164)
(= eET),, (165

with 45 and k/ treated as composite indices in [P?]. Therefore the preconditioner in the NGD methods
is
-1 | B 0
F'lpf,,i—l o 0 231 ® Xy i1 (166)
E.2.1 BoONG FC, Moment
Substituting Eqgs. (149)), (150) and into Eq. (3) gives the BONG-FC_MOM update

Bt = Pyje—1 + Xye—19: (167)
Y =1+ By 1Ge By (168)

This update takes O(P?) using GYCHESS O(M P?) using GYFF, and O(PQ) using GE™FF. The
update is similar to the BONG-FC update except that Eq. l.i ignores the G LM)T -1 G(1 M)

term in Eq. (122) or the (g;"™)" 2;;,_1g}"™ term in Eq. (125) which estimate the epistemic part of
predictive uncertainty.

E.2.2 BONG-LIN-HESS FC, Moment
Applying Proposition[4.2]to Egs. and gives the BONG-LIN-HESS-FC_MOM update

Mt = -1+ Et|t—1HtTR;1(yt — ) (169)
S =Sm1 — S HI R TH S, (170)

This update takes O(C P?).
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E.2.3 BLR FC, Moment
Substituting Egs. to and into Eq. gives the BLR-FC_MOM update
Pii = pti—1+ aEt,i_lil;tl_l (Bep—1 — Btim1) + aBe i 19 (171)
Si=(14+a)E 1 +aX (Gt,i - Eﬁtl_l) i1 (172)
This update takes O(P?3) per iteration because of the matrix inversion. Using GMSEF' =

_ﬁGELM)GS:M)T or GHNEF = _glIN (gi™N)T allows the BONG-FC_MOM covariance update
in Eq. (168) to scale quadratically, but this does not help here. Instead the BLR-FC_MOM update
scales cubically because of the additional Z;tl_l term that comes from the KL divergence in the VI
objective.

E.2.4 BLR-LIN-HESS FC, Moment

Applying Proposition [4.2]to Egs. and gives the BLR-LIN-HESS-FC_MOM update
Pt = Wei—1 + Oézt,iflz,;tl,l (Baje—1 — Beio1) + aztﬂ’leZiRtf,il(yt — Yti) (173)
Sii=(1+0a) S —aSei (2;‘,}_1 n HtT’iRt_’Z.le) i (174)

-1

tle—1 term that comes

This update takes O(P3) per iteration because of the matrix inversion in the 3
from the KL divergence in the VI objective.

E.2.5 Bo0G FC, Moment

Substituting Egs. and into Eq. gives the BOG-FC_MOM update
Be = Meje—1 + 0Gy (175)
B¢ = Byer + 5 G (176)
Note the mean update is vanilla online gradient descent (OGD) and does not depend on the covariance.

This update takes O (M P?) using GMCHESS or GMCEF and O(P?) using GE™FF.

E.2.6 BOG-LIN-HESS FC, Moment

Applying Proposition4.2]to Egs. and gives the BOG-LIN-HESS-FC_MOM update
pe = pepe—1 + oHIR (e — 1) (177
3= Sy — %HgRt—lHt (178)

This update takes O(C P?).

E.2.7 BBB FC, Moment
Substituting Eqs. (149) to (I52) into Eq. (32) gives the BBB-FC_ MOM
Hii = Hti—1 + &Eatl,l (Bep—1 — Beio1) + age (179)
o (o _
i =i+ 5 (Et,il—l 2+ Gt,i) (180)

This update takes O(P?3) per iteration because of the matrix inversion, which traces back to the VI
objective. Comparing to the BOG-FC_ MOM update in Egs. (I75) and (T76) (which has quadratic
complexity in P), the extra terms here come from the KL part of Eq. (32).

E.2.8 BBB-LIN-HESS FC, Moment
Applying Proposition4.2]to Egs. and (T80) gives the BBB-LIN-HESS-FC_MOM update
Bii = Mei-1+ Oézt_‘tl,l (Beje—1 — peio1) + OéHtT,iRt_,il(yt — Yr,i) (181)
a (o _ _
= Et,ifl + 5 (Et,il—l - Et\tlfl - HtT,iRt,z'lHt,i) (182)
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This update takes O(P?) per iteration because of the matrix inversion. Comparing to the BOG-LIN-
HESS-FC MOM update in Egs. (I77) and (I78) (which has quadratic complexity in P), the extra terms
here come from the KL part of Eq. (32).

E.3 Diagonal Gaussian, Natural parameters

Throughout this subsection, vector multiplication and exponents are elementwise.

The natural and dual parameters for a diagonal Gaussian are given by

1

Y=o i Y = i (183)
2

¢t,z’—1 = _%0}12 1 PE z) 1= Heio1l +0-t2.,i71 (184)

Inverting these relationships gives

-1
Mt i—1 = —% ( t(22) 1) glz),1 Pilz) 1 (185)

2) \ ! 2 1 \?
ofi1 =4 (i) == (o)) (186)
The KL divergence in the VI loss is

2
DKL(q¢t,ifl|q¢t\tfl) = % (“tvifl — Heje— 1 t|t 1732 Z ( t|t 1Ut i—1 —log O't,i71> +const

(187)
with gradients
v/—‘t,i—lDKH-‘<q¢t,i—1|q'¢'t\t—l) = 0.;‘3_1 (Nt,i—l - 'u’t‘tfl) (188)
v”f,ileKlL(qu*l|q¢t\t—1) = % (Ut_th—l - o-t_,z?—l) (189)
For any scalar function £ the chain rule gives
Ot i—1 80}21 1
me {= 5 Vel + o Vo2 L (190)
net Opti1 opri1
=Vl =211V L (191)
Oty ;— 80'21
Vo L= Hf’;) v fg) 'V, (192)
net Pt Pii-1
= Vo'tzq‘,—lg (193)
Therefore
Voo Eoingy, 1080 (el fi (6:))] = gri — diag (Gei) pe,ia (194)
Vo Eong,,  [logp(yilfi (6:)] = 5diag (Gy) (195)
and
Vo D =0, 7 M1 — O, 196
o KL(th,i_l\qwt\H) =0 M1 = Oy g M1 (196)
Ve Din(apelapy ) = 3 (o5t —oits) (197)

29



Following the same approach for 1) gives

8 i— 80’21-7
Voo l= %Vw_lﬂ — Vs, (198)
t,i—1 a tﬂ'_l t7i_1
-1
=1 (¥2) Vi (199)
=07 1V, .l (200)
6 i— O'le_
Vo (=22lg, o4 —Ely o (201)
ot 8¢t,i—1 31,[),571'_1 ’
—92 _9
= % ( 15,23—1) t(,li)—lvl»lt,i—1£+ % ( 15721)_1) v"'?,i71€ (202)
=207 1Mt 1V, L +20,, Vg { (203)
Therefore
2
Voo Bonay, , [logp (yilfe (0:)] = 07191 (204)
V@ Bongy, . [logp (yelfi (0))] =207, 1 pei1gi + 07, diag (Gei) (205)
and
vq/)ili)_lDKH‘ (qwt,i—1|qwt|t—1) = Uf,ifla-af_l (Nt,ifl - l«'ft\tfl) (206)

le;zi)ile (@i @pryoy) = 20}2,1;10;‘,52,1%,1‘4 (Betim1 — Baje—1)
+oii (05{",1 — o f_l) (207)
Our implementations often make use of the following trick: Suppose A € R™*™ and B € R™*™,
Then we can efficiently compute diag(AB) in O(mn) time using (AB);; = Zj\il Ai;Bji.
For MC-HESS methods, we approximate the diagonal of the Hessian for each MC sample ét(m)
using Hutchinson’s trace estimation method [Hutchinson, |1989] which has been used in other DNN

optimization papers such as adahessian |Yao et al. [2021]. This involves an extra inner loop with size
denoted V.

E.3.1 BONG Diag
Substituting Egs. (194) and (193) into Eq. (5) gives

=l + g — diag (Gy) e (208)
2 =l |+ Ldiag(Gy) (209)
Translating to (g, 07) gives the BONG-DIAG update
e = Biji—1 + 07 (210)
ol = at—‘f_l — diag (G) (211)

This update takes O(M P) to estimate G using G}Y'“"FF, O(N M P) using G}*“""*55 and Hutchinson’s
method, and O(P) using G}™FF.

E.3.2 BONG-LIN-HESS Diag (VD-EKF)
Applying Proposition4.2]to Eqs. (208) and (209) gives the BONG-LIN-HESS-DIAG update

e = pape—r +op (HIR; (e — ) (212)
o; % =0,;, +diag (H/R; 'H,) (213)

This update is equivalent to VD-EKF [Chang et al., 2022]] and takes O(C?P).
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E.3.3 BLR Diag (VON)
Substituting Egs. @ to into Eq. (31)) gives
(1) ¢t 1o (gt,i — diag (Gy,i) pt,im1 — U;Z-Q,lut,iq + Ut_|t2_1/vbt|t71> (214)
&=l + 5 (dieg (Gui) +or 2 — g2 ) 215)
Translating to (g4;, 07 ;) gives the BLR-DIAG update
Mii = Mti—1+ ao‘fioﬂf 1 (Mt|t—1 - Ht,i—l) + Ola'iigt,i (216)
2 — adiag (G¢,) (217)

Oi = (1—04)0'1” 1—|—O¢O’
This update takes O(M P) per iteration to estimate G using G}/, O(N M P) per iteration using
G}'°FESS and Hutchinson’s method, and O(P) per iteration using G}™ FF.

tlt 1

The MC-HESS and MC-EF versions of this update are respectively equivalent to VON and VOGN [Khan
et al., 2018b] in the batch setting where we replace gy, ,_, with a spherical prior N(0,\"1p) (see

Appendix [E.).
E.3.4 BLR-LIN-HESS Diag
Applying Proposition 4.2]to Egs. (216) and (217) gives the BLR-LIN-HESS-DIAG update
Mis = Hi—1 + OZO'?Z-O'JE (e — peio1) + aafﬂ- (HL'R;S (Yt — Yr.0)) (218)
—2

ol =(01-a)o, 2 +ao,? +adiag(H] ;R H,;) (219)
This update takes O(C?P) per iteration.

E.3.5 BOG Diag
Substituting Egs. @) and (203) into Eq. (29) gives

"/’t|t 1t ao'tQ\t—lgt (220)
= i)y + 2007, 19+ ao,_diag (Go) (221)
Translating to (e, o-t) gives the BOG-DIAG update
e = 0700 (M1 T Qoo G (222)
o %= 0';\3_1 —4aol, pi-19: — 2007, diag (Gy) (223)

This update takes O(M P) to estimate G using G}'“"*F, O(N M P) using G}'“""55% and Hutchinson’s
method, and O(P) using G}™FF.

E.3.6 BOG-LIN-HESS Diag
Applying Proposition@to Eqs. (222) and (223) gives the BOG-LIN-HESS-DIAG update
p=oio, t|t i1 +aotod, | (HIR; (Y — 9r)) (224)
o %= a‘t‘t N 4a0't‘t 1 (HIRS (ye — 4)) + 2aa‘f‘t_1diag (H/R;'H,) (225

This update takes O(C2P).

E.3.7 BBB Diag

Substltutmg Egs. (204) to ( into Eq. (32) gives
1 _
= '¢§ i) 1+ O‘Ut,i—lgt,i - 04‘7152,1'—1‘7,5“_1 (Btim1 — aje—1) (226)
=17 | +200%, peio1gei+ oot diag (Gy )

-2 4 -2 -2
- QQUt,i—lat\t_lut,i—l (Ht,i—l - Mtlt—l) — Q0 (Ut\t_l - Ut,ifl) (227)
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Translating to (g4, ;, 3 ;) gives the BBB-DIAG update
i = U?,io't_,gqm,z‘q + 040?,;‘”?@-19%1‘ + O‘o'tQ,io'tQ,i—lat_\f—l (Beje—1 — pei-1) (228)
o, = 051'2—1 — 400} pio1Gi — 2a0);_ diag (Gy,;)
+ 4‘10}2@—10}_\3_1/%,1‘—1 (Btim1 — Baje—1) + 26“7?,1‘—1 (Ut_\f_l - 0.1:1'271) (229)

This update takes O(M P) per iteration to estimate G using G}'“*F, O(N M P) per iteration using
G}'CMESS and Hutchinson’s method, and O(P) per iteration using G}™FF.

E.3.8 BBB-LIN-HESS Diag

Applying Proposition4.2]to Eqs. (228) and (229) gives the BBB-LIN-HESS-DIAG update

i = ‘7152,1'0';,12—1%,1'71 +ao} 0l (HtT,iR;il (Yt — Ur.i))

+ ao’f,io't%i—lo't_\f_l (Btje—1 — Bt,i-1) (230)
"tf = 0;,1'2—1 —dao}; i (HtT,iR;,il (Yt — 1)) + 200, diag (H;iR;ilHt’i)

+ 4010'372-_10';‘571”@2-_1 (ut,i_l — ut|t_1) + QO‘Uii—ldt_\fA — 2040'?714_1 (231)

This update takes O(C? P) per iteration.

E.4 Diagonal Gaussian, Moment parameters

Throughout this subsection, vector multiplication and exponents are elementwise.

The Bonnet and Price theorems give

Vi1 Boinay, ., 108D (el fi (6¢))] = g (232)
Vor, \Eoi~ay,, , [logp (yelfe (6:)] = 5diag (Gu,i) (233)
From Appendix [E.3|we have
Viseioa D (@, |0y 1) = 0771 (Bei1 — tyji—1) (234)
Vo, D (w s ltw ) = 3 (o500 —o024) (235)

We write the Fisher with respect to the moment parameters 1) = (u, 02) as a block matrix:

| Fup Fpueo

Fd) o |: Fo.z’” 02,02 (236)

The blocks can be calculated by the second-order Fisher formula
Fuu=—E¢[Vuulogaqy,(0) (237)
= Diag (07 ?) (238)
F o2 =—-Eg, [Vu,c,z log q¢(0)} (239)
= E,, [Diag (0 — p)o )] (240)
=0 (241)
Fo2 o2 = —Eq, [Vo2 02108 ¢4 (0)] (242)
- -, [Diag (f (-0 + %a*“)} (243)
— 1Diag (o1 (244)

Therefore the preconditioner for the NGD methods is
_ Diag (02 i ) 0
1 _ t,ai—1

F’/’t’i—l - { 0 2Diag (af,i_l) (245)
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E.4.1 BONG Diag, Moment

Substituting Eqs. 232)), (233) and (243) into Eq. (3) gives the BONG-DIAG_MOM update

By = Pjg—1 + 0',52|t_19t (246)
o} = of,  + o, diag (Gy) (247)

This update takes O(M P) to estimate G using G}Y'“**, O(N M P) using G}'“""#55 and Hutchinson’s
method, and O(P) using G}™FF.

E.4.2 BONG-LIN-HESS Diag, Momemt
Applying Proposition4.2]to Egs. (246) and gives the BONG-LIN-HESS-DIAG_MOM update

Mt = Myjg—1 + O'tQ\tfl (HtTR;l(yt - '!:/t)) (248)
of =0}, — o}, diag (HR; 'H,) (249)

This update takes O(C2P).

E.4.3 BLR Diag, Moment

Substituting Egs. (232)) to and into Eq. gives the BLR-DIAG_ MOM update
Mei = i1+ aafﬁi_lo't_lf_l (#t|t—1 - Ht,i—l) + 040152,1'—1gt,i (250)
Ut2,i = Ut2,i71 + 040'?,1‘71 (0';,2‘2—1 - 0}734) + aafyifldiag (e (251)

This update takes O(M P) per iteration to estimate G using G}'“*F, O(N M P) per iteration using
G}CHESS and Hutchinson’s method, and O(P) per iteration using G}™*F.

E.4.4 BLR-LIN-HESS Diag, Moment
Applying Proposition[4.2]to Egs. and gives the BLR-LIN-HESS-DIAG_MOM update
Kt = Kti—1 + 040'?,1-,10';“2,1 (/J't|t—1 - Nt,ifl) + 010'3,1-71 (HLRZf(yt - Z}m)) (252)
a’f’i = 0’31;1 + aaf)Fl (0';-271 — a;ltz_l) — aaf)ifldiag (HtT)Z-R;}Ht’Z-) (253)
This update takes O(C? P) per iteration.

E.4.5 Bo0G Diag, Moment

Substituting Egs. (232)) and (233) into Eq. (29) gives the BOG-DIAG MOM update
Mi = Hyjt—1 + gy (254)
oF =0, + %diag (Gy) (255)

This update takes O(M P) to estimate G using GY'“FF, O(N M P) using G}*“"*%5 and Hutchinson’s
method, and O(P) using G}™FF.

E.4.6 BOG-LIN-HESS Diag, Moment

Applying Proposition4.2]to Eqs. (254) and (255) gives the BOG-LIN-HESS-DIAG MOM update

pe = pege—1 + cHIR, (Y, — 90) (256)
« .. _
ol =0, 4 - 5 diag (HJR; 'H,) (257)

This update takes O(C?P).
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E.4.7 BBB Diag, Moment
Substituting Eqs. (232)) to (233) into Eq. gives the BBB-DIAG_MOM

Mt = Mei-1+ aa;il (Ht|t—1 - /"t,ifl) + agy,i (258)
o _ _ « .
ol = 0'?,2'71 + 0) (Ut,i2—1 - Ut\il) + 5dlag (Gei) (259)

This update takes O(M P) per iteration to estimate G using G}, O(N M P) per iteration using
G}'°F®SS and Hutchinson’s method, and O(P) per iteration using G}™ FF.

This is similar to the original diagonal Gaussian method in [Blundell et al.,[2015] except (1) they
reparameterize o = log(1 + exp(p)) (elementwise) and do GD on (u, p) instead of (p, o), and
(2) they use the reparameterization trick instead of Price’s theorem for calculating the gradient with
respect to p (via o).

E.4.8 BBB-LIN-HESS Diag, Moment

Applying Proposition #.2]to Egs. (258) and (259) gives the BBB-LIN-HESS-DIAG_MOM update

Mt = M1+ Oéo't_‘f,l (eje—1 — peio1) + oHT Ry — §ei) (260)
a g/ _ a . _
ol =0}, 1+ ) (O'tf_l — O't‘fil) — §d1ag (H] R, /H,,) (261)

This update takes O(C?P) per iteration.

E.5 Diagonal plus low rank

Assume the prior is given by
—1
Qa1 (6:) =N (9t|ﬂt|t17 (Tt\tfl +Wt|t71WtT|t,1) ) (262)

with W € RP>*® and diagonal Y1 € RP*P_ We sometimes abuse notation by writing Y1
for the vector diag (Tﬂt,l) when the meaning is clear from context.

Substituting the DLR form in the gradients for the KL divergence derived in Appendix gives

Vi Dru (qwt,i—l |q’¢’t\t—1) = (‘rt\tfl + Wt|t*1W;,‘r|t—1) (I’l’m*l - Nt\t—l) (263)
Ve Dre (@i @) = 5 (Tt|t—1 = Yoi1+ Wyt Wi, — Wt,iflwg,i—l)
(264)

For any function ¢ the chain rule gives

V‘rﬂt_lf = —diag <(Tt|t1 + Wt|t71W7;r‘t_1>71 (Vzm_lf) (Tt|t71 + th1WtTt_1)1)
(265)
Vw,,_{=-2 (Tt\tfl + Wt\tflwat_l) ' (VEW,IK) (‘rt\tfl + Wt|t71WtT|t_1> 1 W1
(266)
Therefore the gradients we need are
VieioiEo,nay, ,, logp (yelhe (61)] = gy, ; (267)

(Yeio1+ Wt,iflwli—l)il Gii )

Vv, .Eonq, [lo he (8,))] = —Ldia B
T Boimay, o8P (elhe (Be))] = = g( x (Yoo + Wi W)™

(268)
-1
Vw, i1 Eo,~gy, , [log p (y¢|he (6:))] = — (Le,im1 + Wt,z'—lth,i,l) Gy
X (Yoin + WeiaWi, 1) Wei (269)
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and

Vo Dri (a4 Gw,-) =
(Yiio1+ Wt,i—lwg,i,l)_l
—diag | x (Lo = Loar + Wy W], = Wi W) | @70)
X (X1 + Wt,i—lwli,l)

—1

th,i—lDKL (q'(,bf,,i—l |q’lllt‘t,1) = - (‘rt,i—l + Wt,i—lwli_l)il

X (Tt\tfl Y1+ Wt\tqwtﬂt,l - Wt,z‘letT,ifl)

-1
X (Tt,z‘q + Wt,HW{i_l) Wi (271)

The Fisher matrix can be decomposed as a block-diagonal with blocks for g ; and for (Y ;, Wy ;),
but (in contrast to the FC Gaussian case in Eq. (I66)) we have not found an efficient way to analytically
invert the latter block, which has size P + RP. To avoid the O (R3 p3 ) cost of brute force inversion,
we use a different strategy for BONG and BLR of performing the update on the natural parameters of
the FC Gaussian as in Appendix [E.T|and projecting the result back to rank R using SVD. Specifically,
assume the updated precision from applying Eq. for BONG or Eq. for BLR can be written
as

S =T+ W W], (272)
and let the SVD of VNVm be

Wi =U; A i V], (273)

with Uy ;, V; orthogonal and A, ; rectangular-diagonal. Following [Mishkin et al., {2018, [(Chang
et al., 2023|] we define the update

W, =U;[;,: R|A: ;[ R,: R] (274)
Y., =Y., + diag (Vvt,ivv; L~ W W i) (275)
so that W, ; contains the top I singular vectors and values of the FC posterior and the diagonal is

preserved: diag (Tt,i + W“WL) = diag (f]t_ll) This approach works for MC-EF and LIN-EF
methods but not MC-HESS, which we omit.

Finally, in the MC-EF methods we sample from the DLR prior using the routine in [Mishkin et al.,
2018} [Lambert et al., 2023|] which takes O(R(R + M)P).

E.5.1 BONG DLR

Substituting the DLR prior from Eq. (262) into the FC precision update from Eq. (TI9) and using the
MC-EF approximation yields the posterior precision

2;1 — Tt|t—1 + Wt‘t_lwg-‘t71 — GQAC'EF (276)

=Y+ W,WJ (277)

Yo ="Yy1 (278)
= 1 4 (le)]

W, = [W,;_,,—G 279

t [ =15 2= G (279)

Note W, € RP*(R+M), Using this posterior precision in the mean update from Eq. 1) yields
L1
Bt = -1+ (Tt\t—l + WtWI) gi (280)

~ ~ ~ -1 .
= frje—1 + (r“}l ~ X W (T + WIS W) W] Tt;l) g (28D)
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where the second line comes from the Woodbury identity and can be computed in O((R + M)?P +
(R + M)3). Applying the SVD projection gives

W, =U,[;,: R|A:[: R,: R] (282)
Y) =Ty + diag (thVg W, W] ) (283)
(U, Ay,_) = SVD (Wt) (284)

which takes O((R 4+ M)?P) for the SVD. Therefore the BONG-MC-EF-DLR update is defined by
Egs. (279) and (281)) to (284) and takes O((R + M)?P + (R + M)3).

The BONG-LIN-EF-DLR update comes from replacing \/%G,El:M) with gi™ in Eq. 1| and replacing
Ir. as with Ip,; in Eq. (281). This update takes O((R + 1)2P + (R + 1)3).

E.5.2 BONG-LIN-HESS DLR (LO-FI)

Applying Proposition#.2]to Egs. (279) and (281) gives the BONG-LIN-HESS-DLR update:

- - - -1 _
Bt = Bejp1 + (T;j_l - ‘rt—ltl_lwt (IR+C + W[T;‘tl_lwt) WtTTt_tl_1>

x HIR; ! (ys — 9) (285)

W, =U,;[;,: R|A:[: R,: R] (286)

Y =Yy + diag (VVNV{ ~W,W] ) (287)

(Uy, Ay,_) = SVD (Wt) (288)
W, = [Wy,_1, HJA]] (289)

A, = chol (R; ") (290)

This is equivalent to LO-FI [Chang et al., 2023] and takes O((R + C)?P + (R + C)3).

E.5.3 BLR DLR (SLANG)

Substituting DLR forms for gy, ,_, and gy, ; , into the FC precision update from Eq. (134) and
using the MC-EF approximation yields the posterior precision

2;11 = (1 — a) (Tt,i—l + Wt,i_lwg’i,l) +« (Tt\tfl + Wt|t,1WT ) — an?EF (291)

tt—1
=Y+ Wi, W], (292)
Yii=1—-a)Yrio1+aX (293)
W, = {ﬂ —aWy i1, VoW1, ,/]O‘WGS;M)} (294)

Note W, € RP*(2R+M)_Using this posterior precision in the mean update from Eq. (133) yields

B N
B = M1+ (Tt,i + Wt,iw;sr,i>

X ((Tt|t71 + Wt\tflwz‘t,l) (Betje—1 — Hei-1) +gt,i) (295)
- - ~ - - - -1 _ -
=1+ (T;Z-l — T;,-lwt,i (12R+JV[ + WLT;}WM) WtT’iTt_,})
X ((Tﬂt—l + Wm_lVVI‘t_l) (Bej—1 — prio1) + gt,i) (296)
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where the second line comes from the Woodbury identity and can be computed in O((2R + M)?P +
(2R + M)3). Applying the SVD projection gives

W, =Ug;[:,: R]A; [ R,: R) (297)
Ttﬂ‘ = Tt,i + diag (VNVMVVL — WMWL.) (298)
(Ut Avis ) = SVD (W) (299)

which take M)?P) for the SVD. Therefore the BLR-MC-EF-DLR update is defined by
Egs. (293] h and 296) to (299) and takes O((2R + M)?P + (2R + M)?) per iteration. Notice

‘W, has larger rank for BLR than for BONG (2R + M vs. R + M) because of the extra \/aW;_;
term that originates in the KL part of the VI loss. This difference will slow BLR-MC-EF-DLR relative
to BONG-MC-EF-DLR especially when R is not small relative to M.

This method closely resembles SLANG |[Mishkin et al.|[2018] in the batch setting where we replace
Gap, ., With a spherical prior A'(0, A"'Ip) (see Appendix [E.6).

We can also define a BLR-LIN-EF-DLR method by replacing /& G (1:M) \ith Vagi™ in Eq. (294
and Iog 1 ps with Iog 1 in Eq. ( - This update takes O((2R + )2P + (2R + 1)3) per iteration.

E.5.4 BLR-LIN-HESS DLR

Applying Proposition#.2]to Egs. (294) and gives the BLR-LIN-HESS-DLR update:
~ 1 . ~
Pt = Mt i1+ <Tt_zl - T W, <12R+C + Wt ZT 'w, z) WLT;}>

((Tt\t 1+ Wy 1Wt|t 1) (Betje—1 — peio1) + HtT,iRt_,il (ye — ?Qm))

(300)

Wi =U[;,: R A [ R, R (301)

;i =Y, + diag (Wt,iwli - WthTz) (302)

(Ui, Ay i7_) =SVD (Wt ) (303)
= [V1—aW1,VaWy,_q,VaH] AT ] (304)

Am- = chol (R;}) (305)
Yii=(1—-a)Yio1+aYy (306)

This update takes O((2R + C)2P + (2R + C)3) per iteration. As with the EF versions of BLR-DLR,

W, has larger rank for BLR-LIN-HESS-DLR than for BONG-LIN-HESS-DLR (2R + C' vs. R + C).
This difference will slow BLR-LIN-HESS-DLR relative to BONG-LIN-HESS-DLR especially when R is
not small relative to C'.

E.5.5 BoG DLR

Substituting Egs. (267) to (269) into Eq. (29) gives the BOG-DLR update
Bt = Pyjt—1 + gy (307)
a . - -1
Y=Yy — gdlag ((Ttt 1+ Wy 1Wt|t 1) Gy (Tt|t 1+ Wi 1Wt|t 1) )

(308)

_ -1
W, =Wy 1—04(Tt\t 1+ Wy 1Wt|t 1) Gy (Tt|t 1+ Wy 1Wt|t 1) Wit-1
(309)
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Using the EF approximation and Woodbury, the BOG-MC-EF-DLR update can be rewritten as

Yo=Yy + 5yrdiag (BB]) (310)
Wi =Wy + BB Wy (311)
—1 R
B = (Tt_tl—l - Tt_\tl—lwt\tfl (IR +W;,‘r|t—1Tt_|tl—1Wﬂt*1> WtT|t—1Tt_t1_1> GEI:M)
(312)

which takes O(RM P + M R? + R3).

The BOG-LIN-EF-DLR update comes from replacing GELM) with g;™ in Eq. (312) and dropping the
M~ factors in Egs. (310) and (311). This update takes O(RP + R?).

E.5.6 BOG-LIN-HESS DLR

Applying Proposition4.2]to Egs. (307) and (310) to (312) gives the BOG-LIN-HESS-DLR update

e = o1 + oHI R (yr — §1) (313)
(07
Tt = ‘rt|t,1 + §d1ag (BtBI) (314)
W, =W, +aBB/W,,_; (315)
-1 -1 -1 a -1
B; = (Tﬂt—l - Tt|t—1Wt|t—1 (IR + Wg\t—l‘rt\t—lwﬂt—l) Wth—l‘rt|t—1> HA]
(316)

This update takes O(C(C' + R)P + CR? + R?).

E.5.7 BB DLR

Substituting Egs. (263) and (267) to (271) into Eq. (32) gives the BBB-DLR update

Kei = Hei—1 T (Ttlt—l + Wt\t—lwtﬂt,l) (Ht|t—1 - /l't.,ifl) + ag 317
Yii=Yrin
+ %diag (Et,i—l (Tt\tfl — Y1+ Wt\tqwg‘t_l - Wi W], — Gt,i) 215,1‘—1)
(318)
Wii=Wgig
+aXy i <Tt|t—1 — Y1+ Wt|t—1WtT|t,1 - Wt,iﬂwli_l - Gt,i) Yii—1Wii1
(319)

The previous covariance can be written using Woodbury as

_ _ _ -1 _
Et,i—l = Tt,ilq - ‘rt,ilqwt’i—l (IR + Wz-,ifl‘rt,ilflwtvi—l) Wg,ifth,ilfl (320)
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The BBB-MC-EF-DLR update can be computed efficiently by expanding terms in Eqs. (318)) to (320).
For example the terms involving G ; can be calculated as

— A(L:M) A(L:M)T An—
1 ‘rt,il—lG)EA,i )Gi(ﬁ,i, ) Tt,il—l
ding (=21 Gy 0) = oding | - L, GMBY (321)

_Bt,iég,li:M)T T;'l—1 + Bt,iBtT,z‘

(3

~ S GV, W = %T;}%GS;WGS;M”T;},lwt,m
- %r;ﬁlcg};M>B;iwt,i_1
- BUGE L W+ BB W (G22)
B;; = T,Zil,lwt,i—l (Ir + W{i,lT;},IWt,H)_l
x WYk G (323)

Using this strategy the update takes O((R + M)RP + M R? + R?).
)

LIN

The BBB-LIN-EF-DLR update comes from replacing GS:M with g™ and dropping the M ~! factors

in Eqs. (321) to (323). This update takes O(R?P + R?).
E.5.8 BBB-LIN-HESS DLR
Applying Proposition #.2]to Egs. (317) to (319) gives the BBB-LIN-HESS-DLR update

Bti= Hti-1+a (‘rth‘fl + Wt|t71W;/r‘t_1) (Btje—1 — Beio1) + OZH{iRZil(yt )
(324)

_ a ., Y1 —Yeiat+ V‘/vtlt—lvvtTlt—1
Yii=Yi1+ Edlag <2t711 ( Wi Wi+ HtT,iRt_,ile i1 (325)

Yjr—1 = Ticn + Wypa Wy, > SiaWein (326)

W, =W,;,_ DI
t,i ti—1t a2ay; 1( *Wtﬂ'_lwli_l+H2‘,iRt_,i1Htvi

This can be computed in O((C + R)?P + CR? + R?) using Eq. (320) and following a computational
approach similar to Egs. (321) to (323).

E.6 Batch BLR

It is interesting to translate the BLR updates derived here back to the batch setting where BLR was
developed [Khan and Rue, 2023], by replacing (um,l, Et“,l) with a centered spherical prior

N (0, )\_le).

The batch BLR-FC update becomes
i = pi—1 +aX; (gi — A1) (327)
Sl=(1-a)Z +a(M\p -Gy (328)
The batch BLR-LIN-HESS-FC update becomes
i = pi1 + X (HIR (Y — 9i) — A1) (329)
S =(1-a)% Y + o (Mp+HR;'H)) (330)
The batch BLR-FC_MOM update becomes

M = i1+ a1 (gi — Ai—1) (331)
Y,=(14+a)X,1+aX,1(G;—Np)X; (332)
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The batch BLR-LIN-

HESS-FC_MOM update becomes

Mi = i1 +aX; (Hngl(yt —Yi) — )\Nifl)
Si=(1+a)%_; —aX, (Mp+HR;'H) =4

The batch BLR-DIAG update becomes

Bi = pic1 + o] (g — Ati—1)
o 2= (1— oz)cr;_Q1 + adiag (MIp — G;)

K2

(333)
(334)

(335)
(336)

The MC-HESS version of this update is equivalent to VON [Khan et al.| 2018b] if we use MC
approximation with M = 1. The MC-EF version with M = 1 is equivalent to VOGN [Khan et al.}

2018b].

The batch BLR-LIN-

HESS-DIAG update becomes

Wi = pi-1 + oo} (HZTR;l(yt - i) - )\Hifl)
o2 =(1-a)o; % +adiag (\Ip + H'R; 'H;)

K2

The batch BLR-DIAG_MOM update becomes

The batch BLR-LIN-

pi = pio1 + 007y (gi — Mii-1)
o2 =(1+a)e? | +aoc} diag(G; — Mp)

K3
HESS-DIAG_MOM update becomes

pi=pi—1 + oo (HIR (ye — 9:) — AMpio1)
ol = (1+a)o;_| — ao}_diag (\Ip + HIR; 'H,)

The batch BLR-DLR update becomes

i

Wi
Y,
(Uia Ai7 —)

W;

A;

Y,

N - N
Zui—1+a<Tf1—Tf1Wi(IR+M+W¢TT¢_1W1') Wz‘TTz‘_I)

x (gt — Apti-1)
=U;[:;,: RJA;[: R,: R]

=Y, + diag (valT - W,WlT)
— SVD (VVZ-)
rmawn ]

= chol (R; ")
= (1 — Oé)‘ri_l + OZAIP

(337)
(338)

(339)
(340)

(341)
(342)

(343)
(344)

(345)

(346)

(347)

(348)
(349)

This is equivalent to SLANG except for the following differences. SLANG processes a minibatch of

M examples at each iteration, using a single sample 0~ Qqp;_, for each minibatch. It uses a different
SVD routine which is slightly faster but stochastic, taken from [Halko et al.,[2011]]. Most significantly,
SLANG applies the SVD before the mean update, meaning p; is calculated using the rank-R W, and
Y; instead of the rank-(R + M) W, and Y, thus ignoring the non-diagonal information in the M
discarded singular vectors from W,.
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The batch BLR-LIN-HESS-DLR update becomes

. L N B
M = -1+« <Ti_1 -Y'W; (IR+C’ JrWiTTi_lWi) W-TT'_1>

< (HTR; " (ye — 9i) — Ai—1) (350)

W, = U;[.: RJA:[: R,: R (351)

Y, =Y, + diag (VVZ-VVJ - Wiwg) (352)

(Ui, Ay,) = SVD (W) (353)
W, = [V1I—aW,_,VaH]A]] (354)

A; = chol (R; ") (355)
Ti=(1-a)Ti +arp (356)

This algorithm could be called SLANG-LIN-HESS and would be deterministic and faster than SLANG
since it does not need MC sampling. We can also define SLANG-LIN-EF which would be even faster,

by replacing ./ %GELM) with /ag:™ in Eq. |b and Ip4 s with Iy in Eq. |b
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