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UNCERTAINTY QUANTIFICATION INCORPORATE NEW DATA
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= Neural networks (NNs) have limitations: estimating uncertainty, ’ 7 e A7
incorporating new data, and avoiding catastrophic forgetting. Dual param. SFR (Ours) Dual updates
= Qur method, Sparse Function-space Representation (SFR):
= converts NN to sparse Gaussian process (GP) via dual parameters, Weigaht:feace @ o | ®
= gjves good uncertainty estimates, s > Full GP 7|  GP subset > Co?ﬂgztiﬁgauy
= can incorporate new data without retraining, NN MAP + Function space 1
= can maintain a functional representation for continual learning, weights w Linearize T T [ Weightspace 1~
= can be used for uncertainty-guided exploration in model-based RL. Weigaptljfeace R . &
> aplace > (Costly retraining
Motivation Sparse Function-space Representation (SFR) Continual Learning
= Sample inducing inputs Z C X from training inputs X. | | . o
SFR (Ours) GP NN « SFR predictive posterior: = SFRis effective for function-space regularization in CL.
n e T -1
Uncertainty estimates >4 o plfi] = kK, K, oy and Task #1 Task #2 Task #3 Task #4
| - - Var, )l fi] = ki — k[ K, — (K + By) 'k
Image inputs X ,
with sparse dual parameters, " '
Large data X N A N o o
Incorporate new data X =l ,
a; = Vylogp(yi| f)l=r,  and  Bi ==V logp(yi| fi)lr=s,

: " Incorporaﬁng new data D" with dual UpdateS S €asy, ® Data 5% Memory points = Decision boundary 1/ M Predictive probability
1. Train Neural Network Oy — Oy £ 3 k, & and By < By+3 k,; B k. S-MNIST (SH) S-MNIST (SH) S-FMNIST (SH) P-MNIST (SH)
u W e T u T S EDT Te  a Method = 40 g jtask 200 pts/task 200 pts/task 200 pts./task
Weight Space update update DER 85.26+0.54 92.13+0.45 82.03 1057 93.08+0.11
Inputs: NN fw('>’ data D = {(Xia yz) ff\il FROMP 75.21+2.05 89.54+0.72 78.83+0.46 94.90-+0.04
: . : S-FSVI 84.51+1.30 92.87+0.14 77.54+0.40 95.76+0.02
Outputs: Maximum A-Posteriori (MAP) weights : : : : :
P . ( ) g SparSIﬁcatlon T Image Classrﬁcatlon SFR (Ours) 89.22-:0.76 94.19+0.26 81.96-:0.24 995.98+0.08
w' =argmin L(D,w) = > ((fw(xi), y:) + R(W) CIFAR-10 F-MNIST
i—1 N —~ _ N =~ —SFR
— . X _ W L «- o~ ——GP Subse 5 g
log plyi | fwlxi)) - —log plw) « SFR (=) requires fewer inducing g \ Model-based Reinforcement Learning
points than a GP subset (=) to g - \\\ B =
. achieve good (low) NLPD. = —— Strategy Policy 7 : & — A based on posterior sampling:
2. From NN to Function-space Laplace D T e o s ) : )
7 = argmaxBe, | > o'r(sia) [s00 = f(sna)| st f ~q(f|D)
. . d t=0
(1) Linerised NN fu+(x) = V fw:(x)'w — function space formulation: OOD Detection with CNNs
. 1 ur _ZU, _
p(f) N (f ‘ 0, /ﬁ;(X, X)) wWith li(X, X,) _ g vwfw*(X)T waw*(X) NN MAP LAPLACE GLM KRON GP SUBSET SFR (Ours) - e 400
o - o o = 300 —
. E AUROC 0.83 £ 0.05 AUROC 0.91 £+ 0.04 AUROC 0.95 £ 0.02 AUROC 0.96 4+ 0.01 E
(2) Convert training objective to function space, bunction Space ZH ™ N -
® o 100 —
L(D,w) = -5 logp(y; | fi) — log p(f). -7 N N |‘ * —SFRROury)
3) Function-space Laplace approximation: a B s N * B 0 10 20 30 10 50
( ) P (f ‘ )p (f)pp N(f ‘ S ) = O 1 2 0 Predl. Entropzy (4 Ii)) m, TOlOD ) 2 O 1 2 —II\D%II:G Episode
pt|D) =~ q(f) = my, St L . .
A CP oredict orior tonal , = SFR demonstrates good out-of-distribution (OOD) detection as it has
| PrEAICiVE POSIETOT IS LOMPULational EXPEnSIVE. fi low predictive entropy for in-distribution data (FMNIST, E) and high = SFR’s uncertainty estimates can improve sample efficiency in
predictive entropy for out-of-distribution data (MNIST, ). model-based RL by guiding exploration.
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