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1 More discussions on the paper

1.1 Can the variational lower bound be derived using Jensen’s inequality?
Yes. There are two equivalent ways of deriving VI:

1. Applying Jensen’s inequality directly to the log marginal likelihood.

2. Explicitly writing down the KL(g||p), noting that it is non-negative and rearranging to get
the same bound as in (1).

(1) is often used in traditional VI literature. Many recent papers (e.g. [1] and our paper) use (2).

1.2 Comparison to [2]

It is not clear how to compare to [2] fairly since it does not provide methods for learning hyperparam-
eters and their framework does not support such an extension. Accurate hyperparameter learning is
required for real datasets like those in the paper. So [2] performs extremely poorly unless suitable
settings for the hyperparameters can be guessed from the first batch of data. Furthermore, our paper
goes beyond [2] by providing a method for optimising pseudo-inputs which has been shown to
substantially improve upon the heuristics used in [2] in the batch setting [3].

1.3 Are SVI or the stream-based method performing differently due to different
approximations?

No. Conventional SVI is fundamentally unsuited to the streaming setting and it performs very poorly
practically compared to both the collapsed and uncollapsed versions of our method. The SVI learning
rates require a lot of dataset and iteration specific tuning so the new data can be revisited multiple
times without forgetting old data. The uncollapsed versions of our method do not require tuning of
this sort and perform just as well as the collapsed version given sufficient updates.

1.4 Are pseudo-points appropriate for streaming settings?

In any setting (batch/streaming), pseudo-point approximations require the pseudo-points to cover the
input space occupied by the data. This means they can be inappropriate for very long time-series or
very high-dimensional inputs. This is a general issue with the approximation class. The development
of new pseudo-point approximations to handle very large numbers of pseudo-points is a key and
active research area [4], but orthogonal to our focus in this paper. A moving window could be
introduced so just recent data are modelled (as we use for SGP/GP) but the utility of this depends on
the task. Here we assume all input regions must be modelled which is problematic for windowing.
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1.5 A possible explanation on why all models including full GP regression tend to learn
bigger noise variances

This is a bias that arises because the learned functions are more discrepant from the training data than
the true function and so the learned observation noise inflates to accommodate the mismatch.

1.6 Are the hyperparameters learned in the time-series and spatial data experiments?

Yes, hyperparameters and pseudo-inputs are optimised using the online variational free energy. This
is absolutely central to our approach and the key difference to [2, 5].

1.7 Why is there a non-monotonic behaviour in fig. 4 in the main text?

This occurs because at some point the GP/SGP memory window cannot cover all observed data.
Some parts of the input space are then missed, leading to decreasing performance.

2 Variational free energy approach for streaming sparse GP regression

2.1 The variational lower bound

Leta = f(2o1q) and b = f(zpew) be the function values at the pseudo-inputs before and after seeing
new data. The previous posterior, goid(f) = p(f£ala, fo1a)g(a), can be used to find the approximate
likelihood given by old observations as follows,

N gola (f)P(Yold|bora) N p(f‘001d)p(YOld|f).

pyoulf) = = sy 8 da(f) m SRS

Substituting this into the posterior that we want to target gives us:

P(f|Yolds Yuew) = P(f1Onew)P(Yoid| f)P(Ynew!|f) ~ P(f1Onew ) qo1a (f)P(Yold|Oo1a)P(Ynew| f)
o me p(YHewa YO1d|9new) p(.f|901d)p(}’new7 YO1d|9new) .

(D

The new posterior approximation takes the same form, but with the new pseudo-points and new
hyperparameters: gnew (f) = p(fb|b, Onew)g(b). This approximate posterior can be obtained by
minimising the KL divergence,

N (f;ﬁb|ba enew)qnew(b)
KL[%leW(f)Hp(f'yolda YHew)] = /dfqnew(f) IOg b (2)
P e )P new | ) 55205
Z2(onew) / |: p(3|901d)Qnew (b)
=1 = /a0 N\ d new 1
8 Zl (eold) * fq (f) o8 p(b‘enew)qdd(a)p(ynew|]23)

The last equation above is obtained by noting that p( f|6new)/P(f£b|P, Onew) = P(b|Onew) and

Gou(f) _ PUztabad)gon(a)  goa(a)
p(flboia)  Pfzafarfe)p(alfoa)  p(albola)

Since the KL divergence is non-negative, the second term in (3) is the negative lower bound of the
approximate online log marginal likelihood, or the variational free energy, F (gnew(f)). We can
decompose the bound as follows,

Fltnon () = [ A1) 102

p(a| Oo1a ) Qnew (b)
(b|bhew)old (@)p(Ynew|.f)

= KL(g(b)][p(blfnew)) — / Gnow (F) 108 D(Ynew! )
+ KL(QneW(a)HQOId (a)) - KL(Qnew (a)Hp(a‘aOld))' (5)

The first two terms form the batch variational bound if the current batch is the whole training data,
and the last two terms constrain the posterior to take into account the old likelihood (through the
approximate posterior and the prior).

“4)



2.2 Derivation of the optimal posterior update and the collapsed bound

The aim is to find the new approximate posterior gnew (f) such that the free energy is minimised.
This is achieved by setting the derivative of F and a Lagrange term > w.r.t. ¢(b) equal 0,

dF B o p(alfoa)q(b)
@@)*A‘/d&”“ﬁﬁ”ﬁgmmawmm>

resulting in,

—10gp(y|f)] +14+A=0, (6)

1 q(a) /
opt (P) = 5p(b d b)log ——— dfp(f|b)1 f)). 7
s(b) = o) exp ( [ daplaib)tos S0+ [arpie)ogptyin). @)
Note that we have dropped Opeyw from p(b|Ohew), p(alb, Ohew) and p(f]b, Opeyw) to lighten the
notation. Substituting the above result into the variational free energy leads to F(gopt(f)) = — logC.

We now consider the exponents in the optimal g (b), noting that ¢(a) = A (a;m,,S,) and
p(alfoa) = N(a;0,K.,), and denoting D, = (S;* — K1) 7L, Qr = Kg — K Ky Ko, and
Qa = Kaa - Kangtl,Kba’

E, = /dap(a|b) logp(z|(30)1d)

(®)

% /da./\f(a; Kangéb, Qa)< —log [Sal —(a—m,)TS; (a—m,) + aTK;;1a>

Kol

= log N'(DaS; 'ma; Kap Kb, Da) + A, ©)

B2 = [ dep(t]b) log () (10
= /df/\/(f; Kap Kb, Qe)log N (y; f,0°1) (11)
=log N (y; KK b, 0%1) + Ay, (12)

Sa - - - -
2A; = —log IK’|1|3 +mIS, ' DS, 'm, — tr[D;'Qa] — mIS; 'm, + M, log(27), (13)
aa a
1
Putting these results back into the optimal g(b), we obtain:

Gopt (b) o8 p(b)N(y7 Kf-‘bK[:ébv Ey) (15)

= N(b? be(Kf"bKt:‘ébe + 25')_15’7 Kbb — be(K%ngébe + 29)_1K?b) (16)

where

o y - _ | Km _Je21 0
y = |:DaS;1ma:| ) be - |:Kab:| ) Ey - |: 3 Da:| . (17)

The negative variational free energy, which is the lower bound of the log marginal likelihood, can
also be derived,

F=1logC=1ogN([§:0,Ks, K; L Ky ; + Ty) + Ap + Ao (18)
2.3 Implementation

In this section, we provide efficient and numerical stable forms for a practical implementation of the
above results.

2.3.1 The variational free energy

The first term in eq. (18) can be written as follows,

Fi =log N (7;0,K;, K K, ; + ) (19)

’to ensure ¢(b) is normalised



N+ M,
2

1 _ 1, _ 1.
log(27) — 3 log | K, KppKpz + Sy | — §YT(K%bet1>be +35)7'y. (20)

LetS, = beKl;tl,be + Yy and Ky = LbL{,, using the matrix determinant lemma, we obtain,

log [Sy| = log K, Kp, Kyj + Ty | 2D
= log S| + log [T + Ly 'K 35 'K Ly, | (22)
= Nlogoy +1og [Dal + log |1+ Ly 'K X0 Ky Ly 7). (23)

Let D = I+ L, 'K ;30 'Ky L, 7. Note that,

_ 1 _ _
bezlefb = ﬁbeKﬂ, + KpaS, 'Kap — Kpa K2 Kap. (24)
Y

Using the matrix inversion lemma gives us,

Syt = KpKppKyp +3y) 7" (25)
-1 -1 —T—11 -1 -1
=35 = 5 Ky, Ly TD L, K5 (26)
leading to,
YIS,y =y Y — T K Ly DL, Ky @27)
Note that,
STy —1g 1 T TQ—1 -1
YTy = ¥y + miS, DaS; ma, (28)
Y
1A 1 _
and c= beEyly = ;bey + KpaS, 'm,,. (29)

Substituting these results back into equation eq. (18),
N 1 1 1 1 -1
F = - log(2ma?) — 3 log |D| — @yTy + §CTLbTD 'L'e

1 1 1 _ 1 _ 1
— 5 log |Sa‘ + 5 log |K/aa‘ — §tr[Da 1Qa] — §m;Sa 1ma — @tr(Qf) (30)

2.3.2 Prediction
We revisit and rewrite the optimal variational distribution, ¢opt(b), using its natural parameters:
Gopt (b) o p(B)N (3, K Kb, ) (1)
= N7 (b K K509, Koy + Kpp K S5 K Ky ) (32)
The predictive covariance at some test points s is:
Vs = Kis — KepKpp Kis + KoKy, (Kpp + Kpp K55 K Ky ) T KpKes (33)
= Kas — KabKpp Kis + KapLp "1+ Ly 'K 50 'K Ly T) 7 Ly K (34)
=K — Kb K; Kps + Kep L, "D 'L, TKps. (35)

And the predictive mean is:

m, = Koo Ky (Kpp + KoKy 50 K Ko ) K K01y (36)
= KoL T+ Ly 'Ky 50 Ky Ly 1) 'Ly 'K S0 'y (37)
= KoL, DL K X0y (38)



3 Power-EP for streaming sparse Gaussian process regression

Similar to the variational approach above, we also use a = f(zo14) and b = f(zpew) as pseudo-
outputs before and after seeing new data. The exact posterior upon observing new data is

P71y Yous) = £p(fzala, oa)a(a)p(y]f) (9)
_1 ()
= 5o a0) =2 (311). 0)

In addition, we assume that the hyperparameters do not change significantly after each online update
and as a result, the exact posterior can be approximated by:

1 q(a)
N = Onew . 41
p(f1y,Yola) = Zp(f|fne )p(a|0old)p(Y|f) (41
We posit the following approximate posterior, which mirrors the form of the exact posterior,
q(f) < p(f|bnew)q1(b)g2(b), 42)
q(a)

where ¢; (b) and g2(b) are the approximate effect that aldo) and p(y|f) have on the posterior,

respectively. Next we describe steps to obtain the closed-form expressions for the approximate factors
and the approximate marginal likelihood.

31 qi(b)
The cavity and tilted distributions are:
Geav1 (f) = (f)ar = (b)gz(b) 43)
= p(fa,b/b)p(b)az(b)p(alb)g; ~*(b) (44)
and () = D pan DO D)p(alb)a} () () @s)

We note that, g(a) = N (a; ma, Sa) and p(alfoa) = N (a; 0,K},), leading to:

q(a) )a L&
— ) = 1N (a; g, S, 46
(p<a|oom> 1 (@ the, So) o
where m, = DaSa_llrna7 47
§. = <D, (48)
a
D, = (S;' - K", (49)

Cr = (2m)M/2[K /280|284 /? exp(5mI[S; ' DaS; ! — 87 Jma).  (50)

a

Let ¥, = D, + aQ,. Note that:

p(alb) = N(a; KapKp b Kaa — KabKKba) = N (a; Wab, Qa). (51)
As a result,
gla) \* _ U .
/dap(a|b) <p(a|901d)) = /daC’l./\f(a7 m,, S,)N (a; Wab, Qa) (52)
= C1N (fha; Wab, Sa/ar). (53)

Since this is the contribution towards the posterior from a, it needs to match ¢f*(b) at convergence,
that is,

¢1(b) o [C1N (th1a; Wab, Sa /a)] Y/ (54)
= N(1ha; Wob, a(3,/a)) (55)
= N (1ha; Wab, 5a). (56)



In addition, we can compute:
log Z1 = log / dfq(f) (57)
=log C1 N (ha; Wameay, Ya/a + Wa Ve, WY) (58)

M 1 1
=logCy — 5 log(27) — 3 log|Xa/a+ WoVe, W W]| — irh;(za/a + WaVcaVW;)_lrha

1
+m], WI(Sa/a+ WaVeWI) ', — 5™y WI(Za/a + WaVeary WI) ' Wamg,,.
(59
Note that:
V= VoL + WI(Sa/a) ' Wy, (60)
Vim=V_m., + WI(Z./a) 'm,. (61)
Using matrix inversion lemma gives
V = Veay — Vea WI(Za/a + Wa Ve WI) 7' W, Ve, (62)
Using matrix determinant lemma gives
|V_1| = |V.:_;/H(Za/a)_1||za/a + WaVeu WI|. (63)
We can expand terms in log Z, above as follows:
~ 1
log Z14 = ~3 log|Xa/a+ WaVeay W] | (64)
1
= —5(log [V —log [V | — log |(Ba/e) 7)) (65)
1 1 1
=3 log |V| — 3 log |Veay| — 3 log |(Za/a)|. (66)
. 1. L
log Z1p = _§m;(za/a + WoVe WI) ", (67)
1. R 1. _ R
- —im;(za/a) Yo + im;(Za/a) "W, VW] (Z./a) ' h,. (68)
log Zic = mJ,, WI(Xa/a + Wo Ve WI) "', (69)

= mgavW;(Ea/a)_lma - mIaVW;(Za/a)_IWaVW;(Ea/a)_lﬁ]a. (70)
. 1
log ZlD = _im-cravwl(za/a + WaVcavW;)_lwamcav (71)
1 1
= _im-cravvc_ailmcaV + imgavvt;bvv&{/mcav (72)
1 -1 1 -1
= _7m-cravvcavmca\’ +5;m'V7'm
2 2
1. _ 1 . _
+ §m;(§]a/a) "W, VW] (2. /a) ', — i, (Za/a) ' Wom. (73)
log Zipa = —111,(Za/0) ' W,om (74)
= —1](2./0) "W, VV_ I me, — m](2./a) "W, VWI(Z./a) 'h,.  (75)
log Z1pa1 = —1h}((Za/a) Y WaVV_ ime.y (76)
= -] (Z./a) " 'W,L(I1-VWIZ,/a) 'W,)mea, (77)
= -—m], _WI(Z,/a) 'ty + m], WI(Z,/a) "W, VWI(Z,/a) 'h,.  (78)

which results in:

. M 1 1, 14
log Z1 + ¢eav,1 — Ppost = log C1 — o log(2m) — b log [(Xa/a)| — Em;(Ea/a) ', (79)



3.2 qz(b)

We repeat the above procedure to find g2 (b). The cavity and tilted distributions are,

QCav,Q(f) = p(f)ql (b)qéia(b) (80)
= P(f 48 bIb)p(B)as ()p(ep)e5 (D) 8D
and G2(f) = p(freb/b)p(b)g1(b)p(alb)gy~*(b)p* (y|f) (82)
We note that, p(y|f) = N (y; f, o1) leading to,
p*(y|f) = CoN(y: £, Sy) (83)
~ 0'2
where S, = Eyl (84)
Co = (2no2)N(1=e)/2q=N/2 (85)
Let 3y, = 051 + aQg¢. Note that,
p(f|b) = N(f; Ka K b: K — Ko Ky Ke) = N (a; Web, Q) (86)
As a result,
/ dap(E|b)p" (y[f) = / AECLN (y: £, 8y )N (£; Wib, B) (87)
= CoN(y; Wb, Sy + Q) (88)

Since this is the contribution towards the posterior from y, it needs to match ¢*(b) at convergence,
that is,

~ 1/«
a2(b) o< | o\ (v Web, Sy + Qr)| (39)
= N(y; Wsb, (X, /a)) (90)
= N(y; Wsb, %) 91)
In addition, we can compute,
log 2, = log [ 47(f) ©2)
=1og ColN (y; Wemeay, Xy /oo + WV, W) (93)

N 1 1
=logCy — ) log(27) — 3 log Xy /a + WiV W] | — in(zy Ja+ WeVe, , WI) ™ty

1
WI(Zy/a+ WiV Wty — —m], WI(E, /a+ WeVe, WI) ' Weme,,

.
+ m 2 cav
(94)

cav

By following the exact procedure as shown above for ¢; (b), we can obtain,
. N 1 1 _
log Zs + ¢cav,2 — $post = logCa — 5 log(27) — 3 log |(£y/a)| — in(Zy/a) ly 95

3.3 Approximate posterior

Putting the above results together gives the approximate posterior over b as follows,
Gopt(b) o< p(b)g1(b)g2(b) (96)
o p(b)N (¥, Ky, Kpp b, ) ©7)
= N(a: Ky (K, Kpp Ky + 29) 7'y, Kb — K (K Kpp Kig + 29) 7 Kpy,) (98)

where

N y . Yy - be - Ey 0
y= |:Ya:| - [Dasglma] i be - [Kab:| ) Ey - [0 Za:| ’ (99)

and Xy = 0% + adiagQs, and ¥, = D, + aQa.



3.4 Approximate marginal likelihood

The Power-EP procedure above also provides us an approximation to the marginal likelihood, which
can be used to optimise the hyperparameters and the pseudo-inputs,

1 ~
F = ¢post d)pI‘IOI‘ + — (log Zl + d)cav 1= ¢post) + a(log ZQ + ¢cav,2 - d)post) (100)

Note that,
A0 = ¢post - (Z)prior (101)
1
= log V] + mTV m— log \Kbb| (102)
1 1 _ 1 _
=-3 log Xy + §1og [a| + S log |Zy| - 537y 'y + §yTEy1y + 5Yl231ya (103)
1 N
A1 = E(IOg Zl + ¢cav,1 - ¢post) (104)
1 Kal 1 Tre—1 -1 -1
:§log N 2—10g|l+aD Qa|—7y P ya+2m [S; ' DaS, " — S, 'm,
(105)
1 -
A2 = a(log Z2 + ¢Cav72 - ¢post) (106)
N N1 -«
=5 log(27) + (T) log(ai) - — log |Zy| — fyTE y (107)
Therefore,
R N(l — « — o
F = logN(5:0,%g) + L= pogg2) _ L= QU pop s
+110 K., | — o IS |+110 |Za| — ERH 1+ aD;'Q.
2 g aa 2 g a 2 g a 20[ g a a
M, 1 Tre—1 -1 -1
+ 7 10g(277') + §ma[sa Dasa — Sa ]ma (108)

The limit as « tends to O is the variational free energy in eq. (18). This is achieved similar to the
batch case as detailed in [6] and by further observing that as o — 0,

1 1
% log [T+ aD;'Q.| = % log(1 + atr(D;'Q.) + O(a?)) (109)

tr(D;'Qa) (110)

3.5 Implementation

In this section, we provide efficient and numerical stable forms for a practical implementation of the
above results.

3.5.1 The Power-EP approximate marginal likelihood
The first term in eq. (108) can be written as follows,

Fi1 =log N (3;0,K; Kbgbe+2 ) (111)
N+ M, 1

= Tl og(2m) — log K, Kpp Kpp + X5 — 5

Let denote Sy = K; Kbébe + 3y, Kpb = LpL{, Qa = LgL], M, =T+ aLTDgqu and
D=1+ L_lK #2g 1K ¢ Ly, 7. By using the matrix determinant lemma we obtain,

yT(Kf“bKl:ébe‘ +3y) 7'y (112)

log Sy = log [Kp, Ky Kyp + Ty | (113)
=log [Ty + log [T+ Ly, 'K ;50 'Ky Ly | (114)



=log|Xy | + log|Xa| + log | D| (115)

Note that,
K55 'Kpy, = K2y 'K + Kpa Y, ' Kan (116)
KpeSy, 'Ka = Kpe(071+ aQr) 'K, (117)
KbazglKab = Kba(Da + aQa)_lKab (1 18)
= Kpa(D, " — aD; 'Lg[l + oLID, 'Lq) " 'LID; ") Kap (119)
= KpaD;, 'Kap — aKpaD, 'LgM, 'LID, 'Kop (120)

Using the matrix inversion lemma gives us,
S, ' = (K KppKpp + 55) 7 (121)
-1 -1 - —17 -1 -1

=3 -3 K Ly, TD L KN (122)

leading to,
YISy =y 'y -y 'K Ly DT L Ky (123)

Note that,
YISy =y Y +yIT ) ya (124)
YISy =y (014 aQs) y (125)
Yi¥y.Va = Yi(Da+aQa) 'va (126)
=m]S.'D,; 'S, 'm, — am]S;'LyM, 'L]S; 'm, (127)
and ¢ = bez;ly (128)
= Kpr2y 'y + KbaX, 'Va (129)
= KpeZ, 'y + KpaS; 'ma — 0KpaD, 'LgM; 'LTS 'm, (130)

Substituting these results back into equation eq. (108),

1 1 1
F==5y5ly + 5omiS, 'LqM, 'LiS, 'ma + 5¢™L,TD Ly e

2 2
1 1 1 1 1 1 _

- §1Og|2y| - §1Og D[ — D) log [Sal + 5 log [Kqa| — ﬂlog [Ma| — §mlsa1ma
N(l-a) 11—« N

+ e log(ag) ~ o log |Ey| — 5 log(2m) (131)

3.5.2 Prediction
We revisit and rewrite the optimal approximate distribution, gop¢(b), using its natural parameters:
Gopt (b) o p(D)N (¥, K, Kpppb, 3y) (132)
= N (b K Koy 5 Ko, + K K oy Ky Kip) (133)
The predictive covariance at some test points s is,

Vs = Kes = KabKpp Kis + KabKpp (Kpp + K K S5 K Kip ) 'K Kps (134)

=K — Kb Kpt Kps + Kep L T(1+ Lgle%Z;IbeLgT)_ngTKbS (135)
= Ko — KaoKpp Kis + Kap Ly "D 'Ly "Kos (136)
And, the predictive mean,
m; = KapKpp (Kpp, + Kpp K Sy K Kpp) 7 Ky Ky S5 'y (137)
= KapLy, "1+ Ly 'K X0 K L T) 'Ly K50ty (138)
= KoL, DL K0y (139)



4 Equivalence results

When the hyperparameters and the pseudo-inputs are fixed, a-divergence inference for streaming
sparse GP regression recovers the batch solutions provided by Power-EP with the same « value. In
other words, only a single pass through the data is necessary for Power-EP to converge in sparse GP
regression. This result is in a similar vein to the equivalence between sequential inference and batch
inference in full GP regression, when the hyperparameters are kept fixed. As an illustrative example,
assume that z, = z; and 0 is kept fixed, and {x1,y1} and {x2,y2} are the first and second data
batches respectively. The optimal variational update gives,

q1(a) < p(a) exp/dflp(f1|a) log p(y1f1) (140)

g2(8) o< qu(a) exp / dfzp(f2]a) log p(y2Ifz) o p(a) exp / dfp(Fla)logp(y[f)  (141)

where y = {y1,y2} and f = {f;, f5}. Equation (141) is exactly identical to the optimal variational
approximation for the batch case of [7], when we group all data batches into one. A similar procedure
can be shown for Power-EP. We demonstrate this equivalence in fig. 1.

In addition, in the setting where hyperparameters and the pseudo-inputs are fixed, if pseudo-points
are added at each stage at the new data input locations, the method returns the true posterior and
marginal likelihood. This equivalence is demonstrated in fig. 2.

online VFE batch VFE
C2751.900 o -2751.900

2.0

Figure 1: Equivalence between the streaming variational approximation and the batch variational
approximation when hyperparameters and pseudo-inputs are fixed. The inset numbers are the
approximate marginal likelihood (the variational free energy) for each model. Note that the numbers
in the batch case are the cumulative sum of the numbers on the left for the streaming case. Small
differences, if any, are merely due to numerical computation.
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online VFE exact GP
20 -400.263 -400:2¢
1.0 k 1 . |
. 0.0 F
1.0f 1 d |

-20 N ﬁ [ f

2.0 -137.537 ~ -537.764

-1.0 T “\ : r 1
2.0 | ’ 1

-706.099

-2 0 2 4 6 8 10 12

Figure 2: Equivalence between the streaming variational approximation and the exact GP regression
when hyperparameters and pseudo-inputs are fixed, and the pseudo-points are at the training points.
The inset numbers are the (approximate) marginal likelihood for each model. Note that the numbers
in the batch case are the cumulative sum of the numbers on the left for the streaming case. Small
differences, if any, are merely due to numerical computation.

S Extra experimental results

5.1 Hyperparameter learning on synthetic data

In this experiment, we generated several time series from GPs with known kernel hyperparameters and
observation noise. We tracked the hyperparameters as the streaming algorithm learns and plot their
traces in figs. 3 and 4. It could be seen that for the smaller lengthscale, we need more pseudo-points
to cover the input space and to learn correct hyperparameters. Interestingly, all models including
full GP regression on the entire dataset tend to learn bigger noise variances. Overall, the proposed
streaming method can track and learn good hyperparameters; and if there is enough pseudo-points,
this method performs comparatively to full GP on the entire dataset.

5.2 Learning and inference on a toy time series

As shown in the main text, we construct a synthetic time series to demonstrate the learning procedure
as data arrives sequentially. Figures 5 and 6 show the results for non-iid and iid streaming settings
respectively.

5.3 Binary classification

We consider a binary classification task on the benchmark banana dataset. In particular, we test two
streaming settings, non-iid and iid, as shown in figs. 7 and 8 respectively. In all cases, the streaming
algorithm performs well and reaches the performance of the batch case using a sparse variational
method [8] (as shown in the right-most plots).
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Figure 3: Learnt hyperparameters on a time series dataset, that was generated from a GP with an
exponentiated quadratic kernel and with a lengthscale of 0.5. Note the y—axis show the difference
between the learnt values and the groundtruth.

5.4 Sensitivity to the order of the data

We consider the classification task above but now with more (smaller) mini-batches and the order
of the batches are varied. The aim is to evaluate the sensitivity of the algorithm to the order of the
data. The classification errors as data arrive are included in table 1 and are consistent with what we
included in the main text.

Table 1: Classification errors as data arrive in different orders

H Order/Index H 1 ‘ 2 ‘ 3 ‘ 4 ‘ 5 ‘ 6 ‘ 7 ‘ 8 ‘ 9 ‘ 10 H
Left to Right 0.255 0.145 0.1325 | 0.1225 | 0.1075 0.11 0.105 0.1 0.0925 | 0.0875
Right to Left 0.255 0.1475 | 0.1325 0.12 0.105 0.1025 | 0.0975 | 0.0925 0.09 0.095

Random 0.5025 | 0.2775 0.26 0.2725 | 0.2875 | 0.1975 | 0.1125 0.125 0.105 0.095
Batch 0.095

5.5 Additional plots for the time-series and spatial datasets

In this section, we plot the mean marginal log-likelihood and RMSE against the number of batches
for the models in the “speed versus accuracy” experiment in the main text. Fig. 9 shows the results
for the time-series datasets while fig. 10 shows the results for the spatial datasets.
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Figure 5: Online regression on a toy time series using variational inference (top) and Power-EP with
a = 0.5 (bottom), in a non-iid setting. The black crosses are data points (past points are greyed out),
the red circles are pseudo-points, and blue lines and shaded areas are the marginal predictive means
and confidence intervals at test points.
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Figure 6: Online regression on a toy time series using variational inference (top) and Power-EP with
a = 0.5 (bottom), in an iid setting. The black crosses are data points (past points are greyed out), the
red circles are pseudo-points, and blue lines and shaded areas are the marginal predictive means and
confidence intervals at test points.
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Figure 7: Classifying binary data in a non-iid streaming setting. The right-most plot shows the
prediction made by using sparse variational inference on full training data.
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Figure 8: Classifying binary data in an iid streaming setting. The right-most plot shows the prediction
made by using sparse variational inference on full training data.
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Figure 9: Results for time-series datasets with batch sizes 300 and 500. The solid and dashed lines
are for M = 100, 200 respectively.
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Figure 10: Results for spatial data (see fig. 9 for the legend). Solid and dashed lines indicate the
results for M = 400, 600 pseudo-points respectively.
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