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Abstract

Bayesian optimisation requires fitting a
Gaussian process model, which in turn re-
quires specifying prior on the unknown black-
box function—most of the theoretical litera-
ture assumes this prior is known. However,
it is common to have more than one possi-
ble prior for a given black-box function, for
example suggested by domain experts with
differing opinions. In some cases, the type-
II maximum likelihood estimator for select-
ing prior enjoys the consistency guarantee,
but it does not universally apply to all types
of priors. If the problem is stationary, one
could rely on the Regret Balancing scheme
to conduct the optimisation, but in the case
of time-varying problems, such a scheme can-
not be used. To address this gap in existing
research, we propose a novel algorithm, PE-
GP-UCB, which is capable of solving time-
varying Bayesian optimisation problems even
without the exact knowledge of the function’s
prior. The algorithm relies on the fact that
either the observed function values are con-
sistent with some of the priors, in which case
it is easy to reject the wrong priors, or the
observations are consistent with all candidate
priors, in which case it does not matter which
prior our model relies on. We provide a regret
bound on the proposed algorithm. Finally,
we empirically evaluate our algorithm on toy
and real-world time-varying problems and
show that it outperforms the maximum like-
lihood estimator, fully Bayesian treatment of
unknown prior and Regret Balancing.
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1 INTRODUCTION

Bayesian Optimisation (BO; Garnett (2023)) based
on a Gaussian Process (GP) emerged as a successful
paradigm for solving black-box optimisation problems
in a sample-efficient manner. In many practical ap-
plication, such as controller design (Brunzema et al.,
2022), environment monitoring (Gao & Bai, 2022) or
tuning hyperparameters of Reinforcement Learning al-
gorithms (Parker-Holder et al., 2020), the underlying
black-box function will be changing over time. For
such cases, a family of time-varying BO methods (Bo-
gunovic et al., 2016; Nyikosa et al., 2018) have been de-
veloped. To conduct optimisation, BO algorithms first
construct a surrogate model of the unknown black-box
function based on the observed values for the points
queried so far. GP is typically used as the model, due
to its data efficiency, coming from assuming a prior on
the unknown black-box function.

This prior, however, needs to be specified by the user
and its correct choice is paramount to the accurate
predictions of the model. Such prior might be given to
us by a domain expert, but as different experts might
disagree, we might end up with a number of candi-
date priors. The seminal GP-UCB algorithm is proven
(Srinivas et al., 2010) to enjoy a regret guarantee, but
only if the function was sampled from a prior that we
know. Using a different prior will produce a wrong
posterior, which might cause the algorithm to select
suboptimal points, resulting in high regret.

Selecting prior by the maximising type-II likelihood
(Good, 1983; Berger, 1985) can be a valid strategy
in certain scenarios and statistical literature provides
some asymptotic guarantees (Kaufman & Shaby, 2013;
Li, 2022) as the number of observations increases,
but they do not apply to all priors, particularly non-
stationary ones. To universally guarantee that type-II
MLE will recover the true prior (the prior black-box
function was sampled from), one needs to cover the
function domain with a dense, uniform grid (Bachoc,



2013). However, this defeats the purpose of sample
efficient optimisation, where instead of querying the
function everywhere, we wish to use our limited query
budget in the region close to the optimal solution. We
would thus want to have an algorithm, which conducts
optimisation while simultaneously trying out different
priors and selecting the most promising one.

If the black-box function and search space do not
change over time, one may employ the Regret Balanc-
ing (Pacchiano et al., 2020; Ziomek et al., 2024) tech-
nique as a solution. Such a technique tries out multiple
priors, analyses the function values obtained while us-
ing each of them and eliminates the underperforming
ones. The regret of such a procedure is guaranteed to
be ‘close’ to the regret of an algorithm using the best
prior among the candidates. However, if the problem
exhibits any form of time-varying behaviour, the dif-
ference in function values observed while using differ-
ent priors does not necessarily be due to the choice of
prior, but rather to changes in the underlying problem.

In this work, we propose the first GP-based BO al-
gorithm which admits a provable regret bound under
time-varying settings with an unknown prior. Our
algorithm effectively eliminates the priors that are
highly implausible given the data observed so far and
when selecting the next point to query, remains opti-
mistic with respect to the priors that have not yet been
eliminated. Our proof technique is novel and relies on
the idea that if all priors produce posteriors explaining
the observations well enough then it does not matter
which is used. On the other hand, if this is not the case
then we can easily eliminate wrong models. We also
conduct experiments and show PE-GP-UCB outper-
forms MLE, Fully Bayesian treatment of the unknown
prior as well as the Regret balancing scheme.

Related Work on time-varying GP bandits The
early work on GP bandits (Osborne et al., 2009;
Srinivas et al., 2010) considered stationary functions
with search spaces constant throughout the optimi-
sation process. The later work of Bogunovic et al.
(2016) considered a setting where the function is evolv-
ing through time according to a probabilistic model.
For this setting, they first derived posterior equa-
tions that work with time-varying data and then pro-
posed a Time-Varying GP-UCB (TV-GP-UCB) algo-
rithm, utilising those equations to conduct optimi-
sation. However, their work assumes that the prior
function and the probabilistic model of its evolution
through time are known. Within this work, we lift this
assumption and consider the case, where we have ac-
cess to multiple candidate models, without the knowl-
edge of which one is correct.

An orthogonal stream of research did not make any

probabilistic assumptions on the black-box function
and its evolution and instead assumed the function is
a member of some Reproducing Kernel Hilbert Space
(Williams & Rasmussen, 2006). The evolution of the
black-box function was then constrained by a budget,
which was assumed to be known. Zhou & Shroff (2021)
proposed Resetting GP-UCB and Sliding Window GP-
UCB algorithms, which respectively periodically reset
the model or only use some number of most recent ob-
servations. Deng et al. (2022) considered approaching
this problem via a weighted GP model, where more
weight is put on more recent observations.

Related Work on BO with Misspecification The
work of Bogunovic & Krause (2021) studied BO un-
der model misspecification from the frequentist per-
spective, however, provided no method for finding the
well-specified model. Hvarfner et al. (2023) proposed
an algorithm that combines BO with active learn-
ing so that prior hyperparameters can be learnt si-
multanously while conducting optimisation. However,
their method lacks theoretical guarantees and intro-
duces substantial computational overhead. Rodemann
& Augustin (2024) proposed an algorithm to conduct
BO when instead of one prior mean function, we are
provided a set of possible mean functions, however,
provided no regret guarantees for this algorithm. Xu
et al. (2024) proposed an algorithm for conducting BO
with preferential feedback, where the black-box func-
tion value itself cannot be directly evaluated. In a
way, one can think about this problem settings as a
misspecification of the observed function value. To
address this authors propose to use likelihood based
confidence sets and remain optimistic with respect to
the best feasible function in the confidence set. How-
ever, this work assumes frequentist setting and that
kernel hyperparameters are known.

Related Work on Master Algorithms Regret Bal-
ancing scheme (Abbasi-Yadkori et al., 2020; Pacchiano
et al., 2020) provides a way to create a master algo-
rithm to coordinate a number of base algorithms for
solving multi-armed bandit-style problems. Simiarly
as done by Ziomek et al. (2024), one could technically
introduce one GP-UCB algorithm for each prior as the
set of base learners and then use Regret Balancing to
aggregate them into one master algorithm, but as we
explained before, its theoretical guarantees on opti-
mality do not hold when the function or search space
is time-varying. Hoffman et al. (2011) proposed an al-
gorithm GP-Hedge which uses an adversarial bandit
(Lattimore & Szepesvári, 2020) strategy for selecting
one of many acquisition functions. However, the re-
gret bound they derived is incomplete, as they were
not able to bound the sum of predictive variances at
the points queried by the algorithm.



2 PROBLEM STATEMENT

We consider a problem setting where we wish to
maximise an unknown, black-box and spatio-temporal
function f : X × [T ] → R over some compact set
X ⊂ Rd. We assume we are allowed to query a single
point xt at each timestep t ∈ [T ] and obtain its cor-
rupted function value yt = f(xt, t) + ϵt by some i.i.d.
Gaussian noise ϵt ∼ N (0, R2) for all t ∈ [T ]. The func-
tion is allowed to change with time step t, hence the ex-
plicit dependence on t in its signature. We also assume
the available domain at each time step Xt ⊆ X can
change in an arbitrary manner, possibly chosen by an
adversary. As such, formally, at each time step, the op-
timal point we can select is x∗

t = arg maxx∈Xt
f(x, t).

As we want to maximise the function, the instanta-
neous regret is defined as rt = f(x∗

t , t) − f(xt, t). Sim-
ilarly, we define cumulative regret as RT =

∑T
t=1 rt.

We assume that the black-box function and its evo-
lution through time are governed by some prior, i.e.,
f ∼ p⋆(f) and we refer to p⋆(·) as the true prior. We
also assume we are given access to a set of priors U
provided to us (e.g. by domain experts) that contains
the true prior p∗(f). However, we also assume that we
do not know, which prior in U is the true one.

Each GP prior p(f) is uniquely defined by its spatio-
temporal mean function µp(·) : X ×[T ] → R and kernel
function kp(·, ·) : (X ×[T ])×(X ×[T ]) → R. We require
∀t∈[T ] supx∈X |µp(x, t)| < ∞ for each p ∈ U . Without
the loss of generality, we also assume that kp(·, ·) ≤ 1
for each p ∈ U . An example of such spatio-temporal
kernel could be the time-varying RBF kernel:

k((x, t), (x′, t′)) = exp
(

− 1
2l

∥x − x′∥2
2

)
(1 − ε)|t−t′|/2,

where l and ε are hyperparameters. Note that one
could think about spatio-temporal kernels as standard
stationary kernels with the input space extended to in-
clude one additional variable t (Van Vaerenbergh et al.,
2012a,b). The only difference is that when conducting
optimisation, we have no control over the choice of the
t variable, as opposed to the x variable.

As the difficulty of the problem depends heavily on the
kernel kp∗(·, ·) of the prior p∗(·) the function was sam-
pled from, typically in preceding literature, the regret
bound is expressed in terms of maximum information
gain (MIG, Srinivas et al. (2010)) of kernel kp, de-
fined as γp

T := maxx1,...,xT

1
2 log|I + R−2Kp

T |, where
Kp

T ∈ RT ×T with entries (Kp
T )i,j = kp((xi, i), (xj , j)).

Srinivas et al. (2010) derived bounds on MIG for stan-
dard kernels and then Bogunovic et al. (2016) extended
these bounds to spatio-temporal kernels.

Gaussian Process Model In GP-based BO, at each
timestep t, we contruct a surrogate model of the black-

box function, based on the queries so far. Let Dt−1 =
{(xi, yi)}t−1

i=1 be the collection of all queried points and
their corresponding noisy values up to timestep t − 1.
If we use a GP model with a prior p(·) then given the
data so far Dt−1, the model returns us the following
mean µp

t−1(x) and variance (σp
t−1)2(x) functions:

µp
t−1(x, t′) =(kp

t−1(x, t′)T (Kp
t−1 + R2I)−1

(yt−1 − µp(x, t′))) + µp(x, t′)

(σp
t−1)2(x, t′) =kp((x, t′), (x, t′))−

kp
t−1(x, t′)T (Kp

t−1 + R2I)−1kp
t−1(x, t′)

where yt−1 ∈ Rt−1 with elements (yt−1)i = yi,
kp

t−1(x, t′) ∈ Rt−1 with elements kp
t−1(x, t′)i =

kp((x, t′), (xi, i)). Note the distinction between t and
t′. The former refers to the time step in optimisation,
whereas the latter to the point in time for which we
wish to make a prediction. While in the algorithm we
will always use t = t′, as we wish to make a prediction
about current timestep, this distinction will be useful
for proving one of suplementary Lemmas. While using
mean and variance functions provided by the GP, we
get the guarantee on predictive performance, as stated
in the next Section.

3 PRELIMINARIES

We now recall well-known results from the literature.
Those results would be later needed to prove the regret
bound of our proposed algorithm. This results come
from the work of Bogunovic et al. (2016), which extend
the stationary setting result from Srinivas et al. (2010).
Theorem 3.1 (Appendix C1 of Bogunovic et al.

(2016)). Let f ∼ p(f), and set βp
t =

√
2 log

(
|X |π2t2

2δA

)
.

Then, with probability at least 1 − δA, for all x ∈ X
and all t ∈ [T ]:∣∣f(x, t) − µp

t−1(x, t)
∣∣ ≤ βp

t σp
t−1(x, t).

Note that the confidence parameter βp
t in Theorem

3.1, depends on |X | in the Bayesian setting and only
makes sense if |X | < ∞. If this is not the case, we
need to adopt a standard assumption (Srinivas et al.,
2010; Bogunovic et al., 2016).
Assumption 3.2. Let X ⊂ [0, r]d be a compact and
convex set, where r > 0. For each prior p ∈ U , assume
that the kernel kp satisfies the following condition on
the derivatives of a sample path f ∼ p(f). There exist
constants ap, bp > 0, such that:

P

(
sup
x∈X

∣∣∣∣ ∂f

∂xj

∣∣∣∣ > L

)
≤ ap exp

(
−L2

bp

)
,

for each j ∈ [d].



Figure 1: Intuition behind the prior elimination. Solid
lines represent the mean functions of two models -
GP1 and GP2, produced by fitting the observed points
while assuming different prior, and shaded regions are
confidence intervals. The point marked by the star lies
in the confidence intervals of both models, whereas the
point marked by the diamond lies in the one of GP1.

Under that assumption, we can derive high-probability
confidence intervals even if |X | = ∞. Following (Srini-
vas et al., 2010; Bogunovic et al., 2016), purely for the
sake of analysis, let us define a discretization Dt of size
(τt)d so that for all x ∈ Dt, ∥x − [x]t∥1 ≤ r

dτt
, where

[x]t denotes the closest point in Dt to x. We now get
the following Theorem.
Theorem 3.3 (Appendix C1 of Bogunovic et al.
(2016)). Let Assumption 3.2 hold, set βp

t =√
2 log

(
π2t2

2δA

)
+ 2d log

(
dt2rbp

√
log
(

dap

2δA

))
and set

the size of discretisation to τt = dt2rbp

√
log
(

2dap

δA

)
.

Then with probability at least 1 − δA we have ∀x ∈ X
and ∀t ∈ [T ]:

|f(x, t) − µp
t−1([x]t, t)| ≤ βp

t σp
t−1([x]t, t) + 1

t2 .

And for any xt deterministic conditioned on Dt−1 :

|f(xt, t) − µp
t−1(xt, t)| ≤ βp

t σp
t−1(xt, t).

4 GP-UCB WITH PRIOR
ELIMINATION

We now state our proposed algorithm in Algorithm 1.
When selecting the next point to query (line 7), our
algorithm is doubly optimistic, with respect to both
the function value and the model. In other words, for
each point, we use the largest possible upper confi-
dence bound among the ones suggested by models de-
fined by possible priors in Ut−1. We denote the selected
point by xt and the prior under which it achieved the
highest UCB value is denoted by pt(·). The set Sp

t

stores all iterations i up to the current one t, during

which pt(·) = p(·), for each p ∈ U (line 8). After
observing the function value, we calculate the error
ηt between the observed value and the mean at point
xt, according to the model defined by pt(·) (line 11).
Then, each model for which the sum of errors is too
big is removed from the set of candidates (lines 12-
14) and we continue with the loop. As we will show
later, the true prior p⋆ will never be rejected with high
probability. As such, if all priors have been rejected,
this likely indicates that none of the supplied priors
was the true prior. In such case, the algorithm could
terminate and flag this issue to the user.

The intuition behind the rejection mechanism is de-
picted in Figure 1. Let us assume we have two models
GP1 and GP2, represented by red and blue solid lines,
together with their corresponding confidence intervals
in dashed lines. After we query a new point, it can ei-
ther lie within the confidence intervals of both models
(like the star) or only one model (like the diamond). If
we were to obtain a point like the diamond, we clearly
see that the red model’s prediction was very inaccu-
rate and we lean towards rejecting the prior that pro-
duced it. On the other hand, if we observe a point
like the star when querying the function then it does
not matter, which model is the "true" one, as such an
observation is probable under both models and the er-
rors for either of the models would be small. Thanks
to this mechanism, we can conduct BO, whilst simul-
taneously eliminating the (most-likely) wrong priors.
For such a strategy, we can derive a regret bound, as
stated by the following Theorem.

Algorithm 1 Prior Elimination GP-UCB
(PE-GP-UCB)
Require: a set of possible priors U ; confidence pa-

rameters {ξt}T
t=1 and {{βp

t }T
t=1}p∈U

1: Set D0 = ∅, U0 = U , Sp = ∅ for each p ∈ U
2: for t = 1, . . . , T do
3: for p ∈ Ut−1 do
4: Fit a GP (µp

t−1(x, t), σp
t−1(x, t)) to Dt−1

5: Set UCBp
t−1(x) = µp

t−1(x, t) + βp
t σp

t−1(x, t)
6: end for
7: Find xt, pt = arg max

x,p∈X ×Ut−1

UCBp
t−1(x)

8: Spt

t = Spt

t−1∪{t} and Sp
t = Sp

t−1 for p ∈ U ; p ̸= pt

9: Query the black-box yt = f(xt)
10: Set Dt = Dt−1 ∪ (xt, yt)
11: Set ηt = yt − µpt

t−1(xt)
12: if

∣∣∣∑i∈S
pt
t

ηi

∣∣∣ >
√

ξt|Spt

t | +
∑

i∈S
pt
t

βpt

i σpt

i (xi)
then

13: Ut = Ut−1 \ {pt}
14: end if
15: end for

Theorem 4.1. Let f ∼ p∗(f), ϵt ∼ N (0, R2) for each



t and p∗ ∈ U and denote γT = maxp∈U γp
T . Set ξt =

2R2 log |U|π2t2

δ and :

(A) if |X | < ∞, set βp
t =

√
2 log 2|X |π2t2

δ

(B) if |X | = ∞, let Assumption 3.2 hold and set

βp
t =

√√√√2 log
(

3π2t2

2δ

)
+ 2d log

(
dt2rbp

√
log
(3dap

2δ

))
Then, Algorithm 1 with probability at least 1 − δ

achieves the cumulative regret of at most:

RT ≤ O
(

|U|Bt⋆ +
√

|U|ξT T + βT

√
|U|TγT

)
where βT = maxp∈U βp

T , γT = maxp∈U γp
T and t⋆ is the

last iteration where any prior was rejected and Bt⋆ =
βp⋆

t + maxt′∈[t⋆] supx∈X |µp⋆(x, t′)| + 1.

5 PROOF OF THE REGRET
BOUND

We now provide proof of the regret bound. We focus
on the case of |X | < ∞ and then comment on differ-
ences when |X | = ∞. We first introduce the following
Lemma for the concentration of noise, proved in Sup-
plementary Material Section A.
Lemma 5.1. For each p ∈ U and t ∈ [T ] we have:

P

 ∀
t=1,...,T

∀
p∈U

∣∣∣∣∣∣
∑
i∈Sp

t

ϵi

∣∣∣∣∣∣ ≤
√

ξt|Sp
t |

 ≥ 1 − δB ,

where ξt = 2R2 log |U|π2t2

3δB
.

We also introduce the following result, which allows us
to bound the maximum absolute value of the function
that could be sampled from the prior.
Lemma 5.2. For f ∼ p(f) with some mean and ker-
nel functions µp(·) and kp(·, ·) with properties |µp(·)| <
∞ and kp(·, ·) ≤ 1, for any t ≤ T with probability at
least 1 − δC we have:

max
t′∈[t]

sup
x∈X

|f(x, t′)| ≤ Bt,

where Bt = βp⋆

t + maxt′∈[t] supx∈X |µp⋆(x, t′)| + 1 and
βp⋆

T is to be set as in Theorem 3.1 for discrete case and
as in Theorem 3.3 for continuous case with δA replaced
with δC .

Observe that by union bound Theorem 3.1 and Lemma
5.1 and Lemma 5.2) hold together with probability at
least 1 − δA − δB − δC . We choose δA = δB = δC = δ

3 .

We prove the regret bound, assuming the probabilistic
statements in Theorem 3.1 and Lemma 5.1 hold, and
as such the resulting bound holds with probability at
least 1 − δ.

Preservation of p∗(·) We first show that if the state-
ments from Theorem 3.1 and Lemma 5.1 hold, then
the true prior p∗(·) is never rejected. Indeed, when
line 12 is executed at iteration t:∣∣∣∣∣∣∣

∑
i∈Sp∗

t

ηi

∣∣∣∣∣∣∣
=

∣∣∣∣∣∣∣
∑

i∈Sp∗
t

(
yi − f(xi, i) + f(xi, i) − µp∗

i−1(xi, i)
)∣∣∣∣∣∣∣

≤

∣∣∣∣∣∣∣
∑

i∈Sp∗
t

ϵi

∣∣∣∣∣∣∣+
∑

i∈Sp∗
t

∣∣∣f(xi, i) − µp∗

i−1(xi, i)
∣∣∣

≤
√

ξt|Sp∗

t | +
∑

i∈Sp∗
t

βp∗

i σp∗

i (xi, i),

where the last inequality is due to Theorem 3.1 and
Lemma 5.1. As such, the condition of the if statement
always evaluates to false and p∗ ∈ Ut for any t ≥
0. Next, we show how this fact allows us to bound
instantaneous regret.

Bound on simple regret If p∗ ∈ Ut−1 we trivially
have:

f(x∗
t , t) ≤ µp∗

t−1(x∗
t , t) + βp∗

t σp∗

t−1(x∗
t , t) (1)

≤ max
xt∈Xt

max
p∈Ut

µp
t−1(xt, t) + βp

t σp
t−1(xt, t), (2)

where first inequality is due to Theorem 3.1. For sim-
plicity we will write µ+

t−1 = µpt

t−1, σ+
t−1 = σpt

t−1 and
β+

t = βpt

t . Having established an upper bound on
f(x∗

t , t), it remains to find a lower bound on f(xt, t).
We have also that:

f(xt, t) = yt − ϵt = µ+
t−1(xt, t) + ηt − ϵt. (3)

The observation above is a key component of our proof,
as it relates the function value to the prediction error
of ηt of the model defined by prior pt. Combining (2)-
(3) yields the following bound on instantaneous regret:

rt = f(x∗
t , t) − f(xt, t) ≤ β+

t σ+
t−1(xt, t) − ηt + ϵt. (4)

Bound on cumulative regret With our bound on
instantaneous regret, we now proceed to bound the
cumulative regret. Let us define C to be the set of
‘critical’ iterations as below:

C =

{
t ∈ [T ] :

∣∣∣∣∣ ∑
i∈Spt

ηi

∣∣∣∣∣ >
√

ξt|Spt | +
∑

i∈Spi

βpi
i σpt

i (xi, i)

}



Notice that for each t ∈ C, we discard one possible
prior and as such |C| ≤ |U|. On those iterations, we
may suffer an arbitrarily high regret. Due to Lemma
5.2 we have rt ≤ 2Bt for all t ∈ C. At each timestep,
we can reject a prior and expand C or not reject any
of the priors and then C does not grow. As there is
finite number of priors we must have that |C| < |U| and
there must be some final iteration t⋆ after which C was
never expanded anymore. As Bt can only grow with
t, we have that ∀t∈CBt ≤ Bt⋆ and thus ∀t∈Crt ≤ 2Bt⋆ .
Using Equation 4, we thus see that the cumulative
regret is bounded as:

RT ≤
∑
t∈C

rt +
∑
t/∈C

rt

≤ 2|U|Bt⋆ +
∑
t/∈C

β+
t σ+

t−1(xt, t) +
∑
p∈U

∑
t∈Su

T
\C

(ϵt − ηt) .

When it comes to the terms ηt, observe that if t /∈ C
the if statement in line 12 evaluates to false. Thus:∑
p∈U

∑
t∈Su

T
\C

−ηt ≤
∑
p∈U

√
ξT |Sp

T | +
∑
p∈U

∑
t∈Su

T
\C

βp
t σp

t−1(xt, t).

We combine this fact together with Lemma 5.1 to
arrive at the following:

RT ≤ 2|U|Bt⋆ + 2
∑
p∈U

√
ξT |Sp

T | + 2
∑
t/∈C

β+
t σ+

t−1(xt, t)

≤ 2|U|Bt⋆ + 2
√

ξT |U|T + 2
∑
t/∈C

β+
t σ+

t−1(xt, t),

where the last inequality is due to Cauchy-Schwarz.

Expressing bound in terms of MIG The final step
of the proof is to express the third term of the cumu-
lative regret bound in terms of maximum information
gain. We do this in the following Lemma, proved in
the Supplementary Material.
Lemma 5.3. There exists a constant C > 0, such
that: ∑

t/∈C

β+
t σ+

t−1(xt, t) ≤ βT

√
CT |U|γT ,

where βT = maxp∈U βp
T and γT = maxp∈U γp

T .

Applying Lemma 5.3 to previously developed cumula-
tive regret bound, we get:

RT ≤ 2|U|Bt⋆ + 2
√

ξT |U|T + 2βT

√
CT |U|γT ,

which finishes the finite X case bound.

Differences in Continous Case If |X | = ∞, then
instead of Theorem 3.1, we rely on Theorem 3.3 and
the rest of the proof works in the same way, except for
the fact that the instantaneous regret has an additional
1
t2 term. However, as

∑T
t=1

1
t2 ≤ π

6 , it just adds a
constant that does not affect the scaling of the bound.

6 DISCUSSION

The first term in our bound |U|Bt⋆ depends on Bt⋆ =
β1 + maxt′∈[t⋆] supx∈X |µp⋆(x, t′)| + 1. Note that as
there is a finite number of priors, we cannot reject
priors infinitely, as stated by next Lemma.
Lemma 6.1. We have that P (limT →∞

t⋆

T → 0) = 1
and P (limT →∞

Bt⋆

T → 0) = 1.

As such for sufficiently large T , t⋆ will not depend on
T and as such Bt⋆ will also not depend on T and the
first term will get dominated by the remaining terms.
As for most commonly used kernels, the MIG γT is at
least logarithmic in T (Srinivas et al., 2010), the third
term dominates the second term. In case where prior is
known, GP-UCB (and its time-varying variant) admits
a regret bound of RT ≤ O(βT

√
Tγp⋆

T ) (Srinivas et al.,
2010; Bogunovic et al., 2016). As such, our bound is√

|U | factor away and scales with γT = maxp∈U γp
T

instead of γp⋆

T . This is an artifact of the fact that
PE-GP-UCB is doubly-optimistic and if one prior pro-
duces upper confidence bound that is always the high-
est among other priors, it will always be selected as
pt. As such, PE-GP-UCB cannot be used when pri-
ors differ only with respect to outputscale. However,
in many applications, γp

T will be the same for all pri-
ors p ∈ U , for example, in the case where priors differ
with respect to mean only, and then γT = γp⋆

T . Even
if this is not the case, suffering regret scaling with γT

is still much better than the arbitrarily high regret we
may suffer if we rely on the wrong prior, which might
happen if the prior is chosen by an alternative method
without a correctness guarantee.

The scaling with the square root of the number of
possible priors

√
|U | can be problematic when |U | is

large, but this rate is actually better than for Re-
gret Balancing (Pacchiano et al., 2020; Abbasi-Yadkori
et al., 2020), where the time-dependent part of bound
grows linearly with number of possible models. In
general, linear dependence on the number of base al-
gorithms is common among Master Algorithms liter-
ature, where, for example, the celebrated CORRAL
algorithm (Agarwal et al., 2017) also achieves at least
linear scaling. As such, we believe the square root scal-
ing

√
|U | is relatively favourable, when compared to

algorithms solving similar problems.

Our bound can be applied to different types of kernels,
given that their MIG is known. For concreteness, we
now plug the expression from (Bogunovic et al., 2016)
for MIG of two commonly used time-varying kernels.
Corollary 6.2. Under the same conditions as Theo-
rem 4.1, the following statements hold:

• Let all candidate priors utilise the squared expo-



nential kernel, we then have that regret of PE-GP-
UCB: RT = Õ(|U|Bt⋆ +

√
|U| max{Tε1/6,

√
T})

• Let all candidate priors utilise the ν-Matern ker-
nel, we then have that regret of PE-GP-UCB:
RT = Õ(|U|Bt⋆ +

√
|U| max{Tε

1
2

1−c
3−c ,

√
T 1+c})

Compared to Regret Balancing, which looks at the
function values obtained with different priors, our al-
gorithm looks only at the prediction errors of models
obtained with different priors. As the model based
on the true prior comes with predicitve performance
guarantees, the sum of predicitive errors is bounded
with high probability, regardless of whether the func-
tion or the search space is changing between timesteps.
This makes our method applicable to nonstationary
settings, where Regret Balancing cannot be used.

On high level the prior rejection mechanism might re-
semble the soft revision mechanism (Cattaneo, 2014;
Augustin & Schollmeyer, 2021). However, there is
a number of important differences. Soft-revision op-
erates on the likelihood, whereas we operate on the
predictive error of the models. While linking the
likelihood-based approach to guarantees on cumulative
regret bounds may not be straightforward, in our proof
we are able to express the regret directly in terms of
the predictive error, on which our algorithm operates,
allowing us to link these two notions. Soft revisions
also rely on finding the prior producing the biggest
marginal to decide which priors to reject, whereas in
our approach the rejection is done regardless of how
well other priors perform.

As explained in the introduction, type II MLE is not
always guaranteed to recover the true prior. However,
it is a popular practical strategy of and as such it is
interesting to compare it with the theoretically sound
strategy of PE-GP-UCB. The main difference is that
in PE-GP-UCB, we look at the predictive error of the
model, as opposed to its likelihood, and when measur-
ing the error for the t-th datapoint, we only condition
the GP on Dt−1, that is all observations until t. In this
sense, PE-GP-UCB asks retrospectively how good the
models produced by a prior at each timestep t are.
We now empirically compare the practical strategy of
MLE with the theoretically sound strategy of PE-GP-
UCB and show the latter can outperform the former.

7 EXPERIMENTS

We now empirically evaluate our proposed algorithm.
We conduct the evaluation on both toy and real-world
problems. The first baseline we compare against is the
MLE, which simply selects the prior that produces a
model with the highest marginal likelihood, i.e. pt =

arg maxp∈U P (D|p) and then optimises the UCB func-
tion UCBpt

t (x, t) produced by that model. Another
baseline is Fully Bayesian treatment of the prior, which
maximises the weighted average of UCB functions ob-
tained under different priors with the weights being
the marginal likelihood of the model with given prior,
i.e.

∑
p∈U UCBp

t (x, t)P (p|Dt−1), where P (p|Dt−1) ∝
P (Dt−1|p)P (p) and P (p) is the hyperprior (that is
prior over priors). In our experiments we simply take
P (p) = 1

|U| . The final baseline we compare against
is Regret Balancing, which uses the observed function
values in selecting the priors the use at future itera-
tions. For completeness, we provide a pseudo-code in
Supplementary Material Section D of the exact version
of Regret Balancing that we used. Such an algorithm
admits a regret bound, but only in the case, where the
problem is stationary. As such, comparing the perfor-
mance of Regret Balancing to PE-GP-UCB will help
gauge the improvement coming from not relying on the
stationarity of the objective. We detail each experi-
ment below. Our code is available on github1. To run
all experiments we use one machine with AMD Ryzen
7 5800X 8-Core processor, no GPU was required.

Toy Problem As the first problem, we consider a toy
setup, where the ground truth function f is a sam-
ple from a GP. The function f is itself stationary,
i.e. ∀t,t′∈[T ]f(·, t) = f(·, t′), but the space of avail-
able points to query changes between iterations, mak-
ing the problem non-stationary. The true GP employs
an RBF kernel with a specially designed mean func-
tion that features ten distinct ‘hills’—regions where
the mean function is higher. We use prior 2 from Fig-
ure 3 as the true mean function, which has one promi-
nent hill around 0.1 and nine smaller hills. For the
estimation setup, we prepare eleven GP prior candi-
dates, each using the same RBF kernel but with differ-
ent mean functions, as shown in Figure 3. Each prior
features a tall hill at varying locations, along with nine
smaller hills. Prior 0, however, only has ten short hills.
An algorithm that can correctly identify prior 2 should
achieve faster regret convergence. Furthermore, we in-
troduce a time-varying search space Xt, which alter-
nates between the entire domain X and a restricted
search space that excludes the true tall hill, creating
an additional challenge for estimation. As such, the
optimal region is excluded from the available query
points at every even iteration.

We plot the cumulative regret of each algorithm in
Figure 2. We can see that MLE, Fully Bayesian ap-
proach, and Regret Balancing all perform similarly and
outperform Random Search, however, still underper-
form compared to our algorithm PE-GP-UCB. The
histogram in Figure 2 sheds some light as to why this

1https://github.com/JuliuszZiomek/PE-GP-UCB



(a) Regret results. (b) Histogram of prior selection frequency.

Figure 2: Results on the toy problem. We ran 30 seeds and in subfigure a) we show the mean values in solid
lines and standard errors as shaded regions. In subfigure b) we show the proportion of times that the methods
chose each prior accross all timesteps and all seeds. The nth prior has the nth hill tallest and the prior number
0 has all hills of equal height.

Figure 3: Plot of mean functions of different priors
used for the toy problem. All priors used the same
RBF kernel. The true prior mean (the second one) is
shown with a solid, black line, whereas all other prior
means are shown in dashed lines.

is happening. MLE keeps selecting the same (wrong
prior) and gets stuck at suboptimal values. Regret
Balancing is trying out all of the priors in a roughly
uniform manner, however, since the true prior is se-
lected only a fraction of the time and half of the time
the optimal region is excluded from the search space,
it is likely that the algorithm will not observe better
function values while using the true prior. As a re-
sult, the Regret Balancing scheme will not commit to
the true prior and keep exploring indefinitely. On the

other hand, our algorithm PE-GP-UCB, explores all
the priors and swiftly rejects incorrect ones, commit-
ting to the true prior, resulting in the lowest regret.

Intel Temperature Dataset As the second exper-
iment, we consider a real-world dynamic optimisa-
tion on the famous Intel Research Dataset2. The
dataset contains temperature measurements gathered
from over 50 sensors located in the Intel Research of-
fice in Berkeley. The goal is to select the sensor with
the highest temperature at each timestep and the re-
gret is the difference between the highest and selected
temperature. For the sake of optimisation, we use
the data coming from 14th March 2004 and we de-
fine each timestep to be a ten-minute interval. To
obtain the prior of the function, we use the previous
days in March, obtaining a total of thirteen priors
(one from each day). Following previous work Bo-
gunovic et al. (2016), for each prior we use a zero
mean function and a kernel of form k((i, t), (i′, t′)) =
Cov(i, i′)(1−ε)|t−t′|/2, where Cov(i, i′) is the empirical
covariance between sensors i and i′ (as estimated on
a given day) and ε is selected to produce the best fit
on that day. Since we do not know which day would
be most similar to the 14th of March, we do not know
which prior we should rely on. We run our method
and the baseline and show the plot of average regret
against time step in Figure 4.

We can see that due to the dynamic nature of this
problem, Regret Balancing scheme severely underper-
forms and for most iterations does not perform bet-

2https://db.csail.mit.edu/labdata/labdata.html



(a) Regret results. (b) Histogram of prior selection frequency.

Figure 4: Results on the Intel temperature data. We ran 30 seeds and in subfigure a) we show the mean values
in solid lines and standard errors as shaded regions. In subfigure b) we show the proportion of times that the
methods chose each prior accross all timesteps and all seeds.

ter than random search. MLE performs slightly bet-
ter, but is still not significantly better than random
search in the first half of the experiment. The Fully
Bayesian approach has the advantage of not commit-
ting to any particular prior, making it more robust and
outperforming MLE. However, even this strong base-
line is outperformed by our algorithm PE-GP-UCB,
with the difference especially visible in the beginning.
Inspecting the priors selected by each method, we see
that MLE commits to the prior coming from the 7th of
March. At first glance, this seems sensible, as both 7th
and 14th were Sundays, and we might expect that on
a similar day of the week, the temperature patterns
will be similar. It turns out, however, that an opti-
miser utilising this prior underperforms compared to
PE-GP-UCB, which mostly relies on priors obtained
from the 4th and 12th of March.

8 Conclusions

Within this work, we proposed the first algorithm with
provable regret bound, capable of solving time-varying
GP bandits problem under unknown prior. One limi-
tation of our work is that the time-dependent part of
the regret bound scales with

√
|U | that is the square

root of number of candidate priors. This might make
the method perform poorly if the number of candidate
priors is extreme. Another limitation is the aforemen-
tioned over-optimisim, which prevents the application
of the proposed algorithms in certain settings. Find-
ing a way to address those limitations consistutes an
interesting direction for future work.
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Nonstationary Gaussian Process Bandits with Unknown Prior:
Supplementary Materials

A Proof of Lemma 5.1

Proof. We note that in the sum
∑

t∈Sp
T

ϵt, the set Sp
T can depend on the noise values. However, note that the

decision of which prior to choose at a given iteration t (and thus whether or not t ∈ Sp
T ) is made before observing

the function value at that step and thus while {ϵt}τ−1
t=1 can affect whether or not ϵτ is included in Sp

T , they
cannot affect its value. As such, bounding such a sum is equivalent to bounding a sum of i.i.d. variable with a
history-dependent stopping rule that tells us when to stop putting more variables into the sum. We will do this
by showing the inequality holds with high probability for any possible stopping time simultanously, so we can
be sure that no matter what stopping time is chosen, the inequality will hold with high probability. Let {vi}∞

i=1
be a sequence of i.i.d. random variables, each being R-subgaussian. We then have that:

P

(
∃t∈Sp

T

∣∣∣∣∣
t∑

i=1
ϵi

∣∣∣∣∣ ≤
√

ξtt

)
= P

(
∃0≤n≤T ∃t∈[n]

∣∣∣∣∣
t∑

i=1
vi

∣∣∣∣∣ ≤
√

ξtt, |Sp
T | = n

)

≤ P

(
∃0≤n≤T ∃t∈[n]

∣∣∣∣∣
t∑

i=1
vi

∣∣∣∣∣ ≤
√

ξtt

)

= P

(
∃0≤t≤T

∣∣∣∣∣
t∑

i=1
vi

∣∣∣∣∣ ≤
√

ξtt

)

≤
∑

t∈[T ]

P

(∣∣∣∣∣
t∑

i=1
vi

∣∣∣∣∣ ≤
√

ξtt

)

≤ 2
∑

t∈[T ]

exp
(

− ξt

2R2

)

= 2
∑

t∈[T ]

3δ

π2t2|U|
≤ 2

∞∑
t=1

3δ

π2t2|U|
= δ

|U|
.

In the penultimate transition above we used the fact that since vi is R-subgaussian, for any n > 0 we have:

P

(∣∣∣∣∣
n∑

i=1
vi

∣∣∣∣∣ ≥
√

An

)
≤ 2 exp

(
−An

2R2n

)
= 2 exp

(
−A

2R2

)
,

which is a well-known result in the literature (e.g. see Corollary 5.5 in Lattimore & Szepesvári (2020)). Taking
union bound over priors proves the statement:

P

(
∃p∈U ∃t∈Sp

T

∣∣∣∣∣
t∑

i=1
ϵi

∣∣∣∣∣ ≤
√

ξtt

)
≤
∑
p∈U

δ

|U|
= δ.

Note that the statement is proven for any prior p ∈ U and any t ∈ Sp
T . As such, the statement of the Lemma is

a finite sample, high-probability bound and not an asymptotic statement.



B Proof of Lemma 5.3

Proof. Firstly, observe that due to Cauchy-Schwarz we have:

∑
t/∈C

β+
t σ+

t−1(xt) ≤ βT

√
(T − |C|)

∑
t/∈C

(σ+
t−1)2(xt) ≤ βT

√√√√T
∑
p∈U

∑
t/∈C

pt=p

(σp
t−1)2(xt), (5)

where βT = maxp∈U βp
T . We will need to introduce some new notation. For some set of inputs A ⊂ X , let us

define:

(σu
A)2(x) = k(x, x)u − ku

A(x)T (Ku
A + σ2I)−1ku

A(x),

where Ku∗

A = [ku∗(x, x′)]x,x′∈A and ku∗

A = [ku∗(x, x′)]x′∈A Notice that under such notation σu
t−1 = σu

Xt−1
, where

Xt−1 = {xi}t−1
i=1. Let us define and Ap

t−1 = {((xi, i), yi) : 1 ≤ i ≤ t − 1, pt = p} to be the set of points queried
when pt = p. For any two sets S, S′ such that S′ ⊆ S we have σp

S′(x) ≤ σp
S(x) for all x ∈ X . As Ap

t−1 ⊆ Dt−1,
we have:

(σ+
t−1)2(xt) = (σp

Dt−1
)2(xt) ≤ (σp

Ap
t−1

)2(xt) ≤ C log(1 + R−2(σp
Ap

t−1
(x))2),

for some C (depending on R), where the last inequality is true due to the same reasoning as in the proof of
Lemma 5.4 in Srinivas et al. (2010). Applying this fact to Inequality 5 gives:

βT

√√√√T
∑
p∈U

∑
t/∈C

ut=p

(σp
t−1)2(xt) ≤ βT

√√√√CT
∑
p∈U

∑
t/∈C

ut=p

log(1 + R−2(σp
Ap

t−1
(x))2)

= βT

√
CT

∑
p∈U

γp
|Ap

t−1| ≤ βT

√
CT |U|γT

where the penultimate equality follows from Lemma 5.3 from Srinivas et al. (2010).

C Proof of Lemma 5.2

Proof. We will consider two cases, depending on cardinality of |X |.

If |X | < ∞

Using the same proof idea as Lemma 5.1. of Srinivas et al. (2010), where we simply replace the posterior mean
µt−1 and variance σ2

t−1 with the prior mean µ and variance σ we get that with probability at least 1 − δc, for all
x ∈ X and all t′ ∈ [T ]:

|f(x, t′) − µp⋆

(x, t′)| ≤ βp⋆

t σp⋆

0 (x, t′) ≤ βp⋆

t kp⋆

((x, t′), (x, t′)) ≤ β̂p⋆

t ,

where βp
t =

√
2 log

(
|X |π2t2

2δc

)
As such:

max
t′∈[t]

max
x∈X

|f(x, t′)| ≤ βp⋆

t + max
t′∈[t]

max
x∈X

|µp⋆

(x, t′)| ≤ Bt.

If |X | = ∞

Using the same proof idea as Appendix C.1. of Bogunovic et al. (2016), where we simply replace the posterior
mean µt−1 and variance σ2

t−1 with the prior mean µ and variance σ we get that with probability at least 1 − δc,
for all x ∈ X and all t′ ∈ [T ]:

|f(x, t′) − µp⋆

([x]1, t′) ≤ βp⋆

t′ σp⋆

([x]1, t′) + 1 ≤ βp⋆

t′ kp⋆

([x]1, [x]1, t′) + 1 ≤ βp⋆

t′ + 1,



where βp
t =

√
2 log

(
3π2t2

2δC

)
+ 2d log

(
dt2rbp

√
log
(

3dap

2δC

))
. As such:

max
t′∈[t]

sup
x∈X

|f(x, t′)| ≤ βp⋆

t′ + max
t′∈[t]

max
x∈Dt

|µp⋆

(x, t′)| + 1 ≤ βp⋆

t′ + max
t′∈[t]

sup
x∈X

|µp⋆

(x, t′)| + 1 ≤ Bt.

D Regret Balancing for Unknown Prior

For completeness, below we provide a version for Regret Balancing for the case of unknown prior, adapted from
Ziomek et al. (2024), who derived regret bound for these kinds of algorithms in BO, but only if the underlying
function is not changing with time. In our experiments, we set {ξt}T

t=1 and {βu
t }T

t=1 in the same way as for PE-
GP-UCB. We also set the suspected regret bounds to simply Rp(t) = t for all p ∈ U , as in the first experiment
(toy problem) the priors differ only with respected to mean (and thus the well-specified regret bound is the same
under all priors) and in the case second experiment (Intel data), we do not know the exact regret bound scaling
due to the shape of used kernel.

Algorithm 2 Regret Balancing for Unknown Prior
Require: suspected regret bounds Rp(·); confidence parameters {ξt}T

t=1 and {βu
t }T

t=1
1: Set D0 = ∅, U1 = U0 ,Sp

0 = ∅ for all p ∈ U1,
2: for t = 1, . . . , T do
3: Select prior ut = arg minp∈Ut Rp(|Sp

t−1| + 1)
4: Select point to query xt = arg max

x∈X
UCBpt

t−1(x)

5: Query the black-box yt = f(xt, t)
6: Update data buffer Dt = Dt−1 ∪ ((xt, t), yt)
7: For each p ∈ Ut, set Sp

t = {τ = 1, . . . , t : pτ = p}
8: Initialise prior set for new iteration Ut+1 := Ut

9: if ∀p∈Ut |S
p
t | ≠ 0 then

10: Define Lt(p) =
(

1
|Sp

t |
∑

τ∈Sp
t

yτ −
√

ξt

|Sp
t |

)
11: Ut+1 =

{
p ∈ Ut : Lt(u) + 1

|Sp
t |
∑

τ∈Sp
t

βp
τ σp

τ−1(xτ ) ≥ maxp′∈Ut
Lt(p′)

}
12: end if
13: end for

E Proof of Proposition 6.2

Using the same reasoning as in Appendix E of Bogunovic et al. (2016) we have that in squared exponential case
γT = Õ(max{Tε1/3, 1}) and in ν-Matern case γT = Õ(max{Tε

1−c
3−c , T c}) with c = d(d+1)

2ν+d(d+1) .

F Proof of Lemma 6.1

To prove the first statement we need to show that with probability 1, we have ∀ϵ>0∃T ′(ϵ)>0∀T >T ′(ϵ)
t⋆

T ′(ϵ) < ϵ.
Note that since confidence parameters ξt and βt do not require the knowledge of T beforehand, we can always
just decide to continue run the algorithm for more iterations after exceeding some inital iteration number. Let
τi be the iteration, where we reject the ith prior if we run the algorithm for at least τi iterations. Note that
(τ1, . . . , τ|U|) are random variables that depend on the randomness in sampling black-box f from the prior
(and its random evolution through time), and on the randomness in noise {ϵt}∞

t=1, but do not depend on any
randomness in the algorithm. Thus conditioning on noise variables and black-box function and its evolution, we
have that (τ1, . . . , τ|U|) are determinstic variables. Let us denote τi = ∞ if less than i priors were rejected. Thus
t⋆ ≤ maxi=1,...,|U|{τi|τi ̸= ∞} and conditioned on the aforementioned randomness t⋆ also becomes deterministic.



As such, setting T ′(ϵ) = 2 maxi=1,...,|U|{τi|τi ̸=∞}
ϵ , we get that:

P

(
∀T >T ′(ϵ)

t⋆

T
≤

maxi=1,...,|U|{τi|τi ̸= ∞}
T

< ϵ
∣∣∣{f(xt, t)}∞

t=1, {ϵt}∞
t=1

)
= 1,

and as this construction can be done for any ϵ > 0, we have:

P

(
∀ϵ>0∀T >T ′(ϵ)

t⋆

T
< ϵ
∣∣∣{f(xt, t)}∞

t=1, {ϵt}∞
t=1

)
= 1.

Thus by law of total probability P (A) =
∫

P (A|B = b)p(b)db, we get that:

P

(
∀ϵ>0∀T >T ′(ϵ)

t⋆

T
< ϵ

)
= 1.

This finishes the proof for the first statement. To prove the second statement, we can use the same reasoning as
above and set T ′(ϵ) = 2Bt⋆

ϵ , as since t⋆ is deterministic, so is Bt⋆
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