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Abstract

We study how to accelerate Bayesian opti-
mization (BO) on a target task by transfer-
ring historical knowledge from related source
tasks. Existing work on BO with knowl-
edge transfer either lacks theoretical guaran-
tees or achieves the same regret as BO in
the non-transfer setting, Õ(

√
Tγf ), where

T is the number of evaluations of the tar-
get function and γf denotes its information
gain. In this paper, we propose the DeltaBO
algorithm, which builds a novel uncertainty-
quantification approach on the difference func-
tion δ between the source and target functions,
which are allowed to belong to different Repro-
ducing Kernel Hilbert Spaces (RKHSs). Un-
der mild assumptions, we prove that the regret
of DeltaBO is of order Õ(

√
T (T/N + γδ)),

where N denotes the number of evaluations
from source tasks and typically N ≫ T . In
many applications, source and target tasks
are similar, which implies that γδ can be much
smaller than γf . Empirical studies on both
real-world hyperparameter-tuning tasks and
synthetic functions show that DeltaBO out-
performs other baseline methods and also ver-
ify our theoretical claims. Our code is avail-
able on GitHub.1

1 INTRODUCTION

Modern deep learning models are a driving force behind
today’s AI revolution. Training these models requires
computer scientists to carefully tune hyperparameters
(Li et al., 2020), such as the learning rate and batch size.
In materials design (Marzari et al., 2021), engineers
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search for optimal parameters, such as temperature and
humidity, to develop new materials that satisfy spe-
cific performance criteria. Similarly, in drug discovery
(Drews, 2000), researchers must screen vast libraries of
small molecules to identify promising drug candidates.

Across these tasks, even with domain expertise, it is ex-
tremely challenging to model performance as an explicit
function of the input parameters. Owing to its ability
to optimize black-box functions, Bayesian optimization
(BO) has emerged as a powerful tool in such settings.
By enabling adaptive sequential decision-making, BO
significantly improves efficiency, precision, and the pace
of innovation. Recently, Gongora et al. (2020) suc-
cessfully used BO to find structural parameters that
maximized the energy absorption of a structure under
compression, reducing the 1,800 experiments required
by a linear grid search to only 100. In drug discov-
ery, BO offers a principled framework for maximizing
a drug candidate’s binding efficacy by selecting ex-
perimental conditions such as pressure and solution
concentration (Korovina et al., 2020; Shields et al.,
2021).

Unfortunately, in many applications, even a single eval-
uation can be costly and time-consuming. For example,
completing a 90-epoch training run of the ResNet-50
model on the ImageNet-1k dataset using an NVIDIA
M40 GPU requires 14 days (You et al., 2018), which
means that a BO algorithm for this task can run for
only 27 iterations in a single year. Even worse, Liang
and Lai (2021) showed that in penicillin production,
the widely recognized TuRBO method (Eriksson et al.,
2019) needs 1,000 iterations to find the best solution,
which amounts to 20 years if each iteration takes one
week.

While advances such as parallelism or multi-fidelity BO
can help reduce the evaluation cost or the number of
evaluations, these approaches are orthogonal to another
important opportunity for acceleration. In practice, we
sometimes have historical knowledge about a task, po-
tentially from related tasks, and this can be a valuable
information resource. For example, before computer
scientists start a new training session for a model, they
may already have logged some training checkpoints.

https://github.com/pippahtlin/DeltaBO
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Table 1: Comparison of regret bounds. While Env-GP,
Diff-GP, and DeltaBO all address Bayesian optimiza-
tion with knowledge transfer, our bound clearly high-
lights the advantage of leveraging related source tasks
to accelerate the optimization process.

Algorithms Regrets Transfer

GP-UCB (Srinivas et al., 2010) Õ(
√
Tγf ) No

Env-GP (Shilton et al., 2017) Õ(
√

Tγf ) Yes
Diff-GP (Shilton et al., 2017) Õ(

√
Tγf ) Yes

DeltaBO (ours) Õ(
√

T (T/N + γδ)) Yes

Therefore, the key question is: Can we further accel-
erate the BO process with knowledge transfer from
related tasks, ideally in a provable way?

In this paper, we answer this question in the affirmative
by proposing the DeltaBO algorithm, a BO method
that comes with solid theoretical guarantees as well
as empirical improvement in a knowledge-transfer set-
ting. We emphasize that our goal is not to outperform
state-of-the-art BO systems, but rather to provide a
complementary transfer-learning framework with prov-
able guarantees.

Contributions. Our contributions are as follows:

• We systematically study BO with knowledge trans-
fer and propose the DeltaBO algorithm with solid
theoretical guarantees.

• The regret of DeltaBO is proven to be of order
Õ(
√
T (T/N + γδ)). To the best of our knowledge,

this is the first regret bound that shows depen-
dence on N , the number of evaluations from source
tasks, where typically N ≫ T . In many applica-
tions, source and target tasks are similar, which
further implies that γδ ≪ γf . See Table 1 for the
regret comparison.

• Empirical studies on both real-world
hyperparameter-tuning tasks and synthetic
functions show that DeltaBO outperforms other
baseline methods and verify our theoretical claims.

Technical novelties. Our technical novelties are as
follows:

• We adopt an additive decomposition of the target
function. Poloczek et al. (2017) proposed a re-
lated additive structure in which each information
source is modeled as an additive perturbation of
a latent objective; however, their focus is multi-
information-source optimization, and they do not
derive regret bounds that quantify transfer accel-
eration with respect to the number of source eval-
uations. While the additive model (eq. (4)) was

also used in previous work (Shilton et al., 2017),
our assumption is strictly more general since the
source and difference functions are allowed to come
from two independent Gaussian Processes (GPs).

• At the heart of our algorithm design is a novel
uncertainty-quantification approach built on the
difference function so that each evaluation of the
target function can be interpreted as a biased
observation of it, with the bias given by the source
function.

• Using the Schur complement, we extend the anal-
ysis of GP-UCB (Srinivas et al., 2010) by proving
that the variance sequence is monotonically non-
increasing throughout the iterations, which is a
key component in bounding the total variance of
queries from the unknown source function.

Notations. We use standard asymptotic notation
throughout the paper. The notation O(f(n)) denotes
a quantity bounded in absolute value by a constant
multiple of f(n). The notation Õ(f(n)) suppresses loga-
rithmic factors, i.e., Õ(f(n)) = O(f(n) polylog(n)). Fi-
nally, o(f(n)) denotes a term such that o(f(n))/f(n) →
0 as n → ∞.

2 RELATED WORK

Without theoretical guarantees. Over the past
decade, transfer learning has emerged as a powerful
strategy for accelerating BO by leveraging prior experi-
ence from related tasks. Swersky et al. (2013) pioneered
this line of work by applying multi-task GPs to share
information across tasks, Yogatama and Mann (2014)
proposed constructing a response surface from devia-
tions relative to the per-dataset mean, and Poloczek
et al. (2016) introduced a general warm-start frame-
work. Concurrently, Wistuba et al. (2016) proposed a
two-stage surrogate model that approximates response
functions and then combines them by similarity. Later,
Wistuba et al. (2018) introduced a scalable GP frame-
work that weights surrogates via product of experts
or kernel regression, and Feurer et al. (2018) proposed
a ranking-weighted GP ensemble. Building on these
ideas, Perrone et al. (2018) proposed a multi-task adap-
tive Bayesian linear regression surrogate for efficient
transfer in hyperparameter optimization. Extending
this line of work, Perrone et al. (2019) reframed transfer
as search space design, learning task-adaptive reduced
spaces that guide BO to promising regions from histor-
ical tasks, especially in large-scale settings.

In parallel, Law et al. (2019) enabled knowledge transfer
by learning the shared representation of the training
data. Following this work, Li et al. (2022) designed
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the BO search space by combining promising regions
with the voting result from the GP classifier. Salinas
et al. (2020) developed a quantile-based method that
leverages Gaussian copulas to model task relationships.
More recently, Tighineanu et al. (2022) proposed a
hierarchical GP framework that provides a principled
way to capture shared structure across tasks. For a
comprehensive survey of this growing literature, we
refer readers to Bai et al. (2023).

With theoretical guarantees. While much of the
literature on BO with knowledge transfer has focused
on heuristic design, only a limited number of works pro-
vide theoretical guarantees. For instance, Wang et al.
(2018) established regret bounds for meta Bayesian op-
timization under unknown GP priors, and Wang et al.
(2024) studied the use of pre-trained GPs for Bayesian
optimization, providing both methodological insights
and a theoretical characterization of transfer from prior
data. Although these works advance the understand-
ing of meta BO, they are less directly related to our
setting. The most relevant work is that of Shilton et al.
(2017), who derived regret bounds for BO with transfer
and proposed the Diff-GP method. However, Diff-GP
requires the strong assumption that the source and tar-
get functions share the same kernel, whereas DeltaBO
directly models the difference function and allows it to
belong to a distinct reproducing kernel Hilbert space
(RKHS). In addition, Diff-GP corrects the bias of every
source sample after each target query, which becomes
computationally expensive when the number of source
samples is large. By contrast, DeltaBO computes the
posterior mean and covariance of the source function
only once, resulting in a substantially more efficient
procedure. In summary, DeltaBO not only relaxes
the modeling assumptions but also achieves improved
computational scalability while enjoying stronger theo-
retical guarantees.

Multi-information-source optimization (e.g. Poloczek
et al. (2017)) considers settings in which an expensive
objective can be evaluated directly or approximated by
multiple biased, noisy information sources with different
query costs. Their approach models each source as the
true objective plus a source-specific GP discrepancy
and adaptively selects both the design and the source
to query. Unlike these frameworks, DeltaBO assumes
a fixed historical source dataset that cannot be queried
further and focuses on accelerating a single target task
rather than adaptively allocating evaluations across
fidelities. Thus, our setting is complementary to multi-
fidelity BO.

3 PRELIMINARIES

In this section, we introduce the background on
Bayesian optimization (BO) and GP-UCB, and formal-
ize our problem setting of BO with knowledge transfer.

3.1 Bayesian Optimization

In BO, the objective is to identify the global maximizer
of an unknown black-box function f : D → Y:

x∗ ∈ argmax
x∈D

f(x),

where D denotes the input domain or decision set, and
Y ⊆ R is the range of function values. The function f
is considered a black box because its analytical form
and derivatives are unavailable.

Learning about f is possible only through sequential,
noisy, zeroth-order evaluations. Over T rounds, the
observation at iteration t ∈ [T ] takes the form

yt = f(xt) + εt, (1)

where xt ∈ D is the query point and εt ∼ N (0, σ2) rep-
resents Gaussian observation noise. The performance of
a BO algorithm is typically measured by its cumulative
regret,

RT =

T∑
t=1

(
f(x∗)− f(xt)

)
,

which compares the value of the best query so far to the
global optimum. An algorithm is said to be no-regret if
limT→∞ RT /T = 0. We refer readers to Frazier (2018)
for a tutorial on BO.

3.2 GP-UCB Algorithm

Gaussian processes (GPs) (Williams and Rasmussen,
2006) provide a flexible prior distribution over functions
and form the backbone of many BO methods. Formally,
a GP is a collection of random variables {f(x) : x ∈
D} such that any finite subset follows a multivariate
Gaussian distribution. A GP is fully specified by a
mean function m(x) and a positive semidefinite kernel
function k(x, x′), denoted as

f(x) ∼ GP
(
m(x), k(x, x′)

)
.

Given noisy observations {(xi, yi)}ti=1 with yi generated
by eq. (1), the posterior distribution of f at a new
point x is Gaussian with mean and variance

µt(x) = kt(x)
⊤(Kt + σ2It

)−1
y1:t,

σ2
t (x) = k(x, x)− kt(x)

⊤(Kt + σ2It
)−1

kt(x),
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where Kt ∈ Rt×t is the kernel matrix with entries
[k(xi, xj)]

t
i,j=1, kt(x) = [k(x1, x), . . . , k(xt, x)]

⊤, and
y1:t = [y1, . . . , yt]

⊤ collects the observations up to t.

The GP-UCB algorithm (Srinivas et al., 2010; Chowd-
hury and Gopalan, 2017) leverages this posterior to
balance exploration and exploitation. At each round t,
the query point is chosen as

xt = argmax
x∈D

{
µt−1(x) +

√
βt σt−1(x)

}
,

where βt > 0 is a confidence parameter that grows
with t. This selection rule encourages exploration of
uncertain regions while exploiting points with high
predicted values.

A central theoretical result is that, under mild kernel
assumptions, GP-UCB achieves sublinear cumulative
regret

RT = O
(√

T βT γf,T

)
, (2)

where γf,T is the maximum information gain of function
f from T observations, defined as

γf,T := max
A⊆D:|A|=T

I(yA; fA) , (3)

with fA = [f(x)]x∈A, yA = fA + εA, εA ∼ N (0, σ2I),
and I(yA; fA) denoting mutual information. This guar-
antee makes GP-UCB a principled and widely adopted
algorithm for BO, and it serves as the foundation for
our transfer-learning extension.

3.3 Problem Setup

We study how BO can be accelerated by leveraging
historical knowledge from a related source task. Specif-
ically, we assume access to a dataset

S(0) =
{
(x

(0)
i , y

(0)
i )
}N
i=1

,

where the outputs are generated from a source function
g : D → Y according to

y
(0)
i = g(x

(0)
i ) + ε

(0)
i , ε

(0)
i ∼ N (0, σ2

0).

Our objective is to design an algorithm that incor-
porates S(0) to reduce the regret incurred, thereby
accelerating the optimization process when optimizing
the target function f .

To formalize the connection between the source and
target tasks, we adopt the following assumption.

Assumption 1 (Additive model). The target function
f can be decomposed into the sum of the source function
g and a difference function δ:

f(x) = g(x) + δ(x), (4)

where g and δ are drawn independently from two GPs:

g(x) ∼ GP(0, kg(x, x
′)), δ(x) ∼ GP(0, kδ(x, x

′)).

Without loss of generality, we restrict all kernels to be
uniformly bounded by 1.

Assumption 1 is mild, as the only essential require-
ment is the independence of g and δ, which is natural
in many applications. Compared with the model as-
sumption used in Diff-GP (Shilton et al., 2017), which
implicitly requires g and δ to be governed by GPs with
the same kernel, our assumption permits kg ̸= kδ

2.
This additional flexibility is important for modeling
cases in which the source and target functions do
not lie in the same Reproducing Kernel Hilbert space
(RKHS) (Williams and Rasmussen, 2006).

As we will show in Section 5, when the difference func-
tion δ is easier to learn than the full target function f ,
and when the source dataset S(0) is sufficiently large,
the additive structure in eq. (4) enables substantial
gains in learning efficiency and regret performance.

4 THE DELTABO ALGORITHM

We now introduce our proposed DeltaBO algorithm,
which efficiently leverages the source dataset to accel-
erate optimization of the target function. See Figure
1 for the workflow diagram and Algorithm 1 for the
complete procedure.

Algorithm 1 DeltaBO Algorithm
Inputs: Input space D; source posterior mean
µg,N (x); source posterior variance σ2

g,N (x); difference
kernel kδ; noise variance σ2; number of iterations
T .
1: for t = 1, 2, . . . , T do
2: Select xt by eq. (7).
3: Query the target function f by eq. (1).
4: Compute the residual ỹt = yt − µg,N (xt).
5: Update the posterior of δ using (xt, ỹt) with noise

variance σ2
g,N (xt) + σ2, obtaining µδ,t(x) and

σ2
δ,t(x).

6: end for
Output: x̂ = U(x1, ..., xT ).

The design of DeltaBO is motivated by a key observa-
tion: under the additive structure in eq. (4), learning
the target function f reduces to learning the difference
function δ. Each evaluation of f(x) can be interpreted

2While we study knowledge transfer from only one source
task, our model and assumptions can be easily extended to
a setting with multiple source tasks by assuming that each
source and difference function is drawn from independent
GPs.
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Figure 1: The DeltaBO framework. Information from
the source dataset is marked in blue, information from
the target task is marked in red, and the algorithmic
process is marked in orange, which runs for a total of
T rounds.

as a biased observation of δ(x), with the bias given by
g(x). Although g(x) is unknown in practice, it can be
accurately approximated, together with an associated
uncertainty, using the source samples. Incorporating
this posterior estimate of g(x) yields more accurate
mean and variance estimates for f(x) and ultimately
leads to more efficient optimization.

Posterior of the source function. We first com-
pute the posterior distribution of the source function
g given the dataset S(0). Let Kg,N denote the kernel
matrix with entries

[
kg(x

(0)
i , x

(0)
j )
]
1≤i,j≤N

, and define

the kernel vector kg,N (x) = [kg(x
(0)
i , x)]Ni=1. Then the

posterior mean and variance of g at any x ∈ D are

µg,N (x) = kg,N (x)⊤
(
Kg,N + σ2

0I
)−1

y(0),

σ2
g,N (x) = kg(x, x)− kg,N (x)⊤

(
Kg,N + σ2

0I
)−1

kg,N (x),
(5)

where y(0) = [y
(0)
1 , . . . , y

(0)
N ]⊤ collects the source obser-

vations (Srinivas et al., 2010).

Residual observations for δ. Next, we observe the
target outputs yt = f(xt) + εt sequentially for t =
1, . . . , T , with εt ∼ N (0, σ2), as shown in Algorithm 1
line 3. Since f(xt) = g(xt) + δ(xt) and the posterior of
g is fixed after time 0, we define the residual

ỹt := yt − µg,N (xt).

Let νt := g(xt)− µg,N (xt) and ηt := νt + εt. Then

ỹt = δ(xt) + ηt.

Since νt ∼ N (0, σ2
g,N (xt)), we have

ηt ∼ N
(
0, σ2

g,N (xt) + σ2
)
.

Thus, ỹt provides an unbiased but noisy observation
of δ(xt), with variance inflated by the uncertainty of g.
We may therefore treat {(xi, ỹi)}t−1

i=1 as effective obser-
vations of δ when constructing its posterior and making
new evaluations at time t, as in line 5 of Algorithm 1.

Posterior of the difference function. Let Kδ,t−1

be the kernel matrix over x1, . . . , xt−1 with en-
tries

[
kδ(xi, xj)

]
1≤i,j≤t−1

, and define kδ,t−1(x) =

[kδ(xi, x)]
t−1
i=1. Then, by standard GP regression, the

posterior mean and variance of δ at any x ∈ D are

µδ,t−1(x) =

kδ,t−1(x)
⊤
(
Kδ,t−1 +

(
σ2
g,N (x) + σ2

)
It−1

)−1

ỹ1:t−1,

σ2
δ,t−1(x) = kδ(x, x)−

kδ,t−1(x)
⊤
(
Kδ,t−1 +

(
σ2
g,N (x) + σ2

)
It−1

)−1

kδ,t−1(x).

(6)
where ỹ1:t−1 = [ỹ1, . . . , ỹt−1]

⊤ collects the residual ob-
servations.

Acquisition rule. The posterior mean and variance
in eq. (6) provide point estimates and uncertainty
quantification for δ(x). Combining these with the pos-
terior of g in eq. (5) and using Assumption 1, we
obtain point and variance estimates for f(x). Defining
σ2
δ,0(x) = σ2

g,N (x) + σ2 and µδ,0(x) ≡ 0 for all x ∈ D,
the GP-UCB acquisition rule becomes

xt ∈ argmax
x∈D

{
µg,N (x) + µδ,t−1(x)

+
√
βt

√
σ2
g,N (x) + σ2

δ,t−1(x)
}
,

(7)

where µg,N (x)+µδ,t−1(x) serves as the estimate of f(x)
and σ2

g,N (x)+σ2
δ,t−1(x) as its predictive variance. Here

βt > 0 is a confidence parameter that grows with t.

Finally, we aggregate all observations and produce x̂
by drawing uniformly from the set {x1, . . . , xT } after
T iterations. Therefore, the output x̂ satisfies f∗ −
E[f(x̂)] ≤ RT /T , which is also known as the expected
simple regret upper bound. In practice, one can also
choose either the last query point x̂ = xT , or the
query point that returns maximum observation value
x̂ = argmaxt=1,...,T {y1, ..., yT }, as the output.

5 THEORETICAL ANALYSIS

In this section, we establish formal guarantees for the
proposed DeltaBO algorithm. Our analysis begins
with a regret bound (Theorem 1), which characterizes
how the cumulative regret of DeltaBO depends on the
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number of target evaluations T , the number of available
source samples N , and the information gains associated
with both the difference function δ and the source
function g. We then investigate conditions under which
the information gain γδ,T is significantly smaller than
that of the target function γf,T , thereby explaining the
advantage of accelerated convergence of DeltaBO using
knowledge transfer, relative to standard BO. Together,
these results provide theoretical justification for the
efficiency and robustness of our approach.

5.1 Regret Analysis

We first establish the main regret bound for DeltaBO,
showing that leveraging a large source dataset and
explicitly modeling the difference function δ can sub-
stantially reduce cumulative regret relative to standard
BO. To facilitate the analysis, we introduce the nota-
tion

τ2 := sup
x∈D

kδ(x, x),

which bounds the variance of the difference kernel on
the decision set. Recall that γg,N and γδ,T denote the
information gains of g (from N observations) and δ
(from T observations), respectively, as defined in (3).

For clarity of exposition, we present the analysis for
the case in which the decision set D is finite, and later
discuss possible extensions to infinite decision sets.

Theorem 1 (Cumulative regret bound of DeltaBO).
Let ρ ∈ (0, 1) denote the error tolerance probability.
Assume that the decision set D is finite with cardinal-
ity |D|, and that the source dataset S(0) contains N
observations of g. Consider running DeltaBO with

βt = 2 log

(
|D| t2π2

6ρ

)
for all t ≥ 1.

Then, under Assumption 1, with probability at least
1− ρ, for all T ≥ 1, the cumulative regret satisfies

RT ≤

{
8TβT

(
Tγg,Nσ2

0

N − 2γg,N

+ C2γδ,T

( 2γg,N
N − 2γg,N

σ2
0 + σ2

))}1/2

,

(8)
where

C2 =
τ2/σ2

log(1 + τ2/σ2)
≤ 1 +

τ2

σ2
,

since x/ log(1 + x) ≤ 1 + x for all x ≥ 0.

The proof is deferred to Appendix A. Theorem 1 can
also be extended to the case in which D is infinite by
applying the standard discretization argument of Srini-
vas et al. (2010). We additionally need to assume that

D ⊆ Rd is compact and convex, and that the GP prior
satisfies a high-probability bound on the magnitudes
of its partial derivatives (Srinivas et al., 2010). These
assumptions are standard requirements in continuous
GP bandit analysis. The key idea is to construct a
sequence of time-varying finite discretizations that ap-
proximate D with increasing precision, and to show
that the additional discretization error is negligible
when summed over all rounds. This yields the same
order of regret bound as in the finite case, up to a
logarithmic adjustment in βt to account for the size of
the discretization.

To make the implications of this result more transpar-
ent, we state the following corollary, which simplifies
the bound in eq. (8) and highlights its asymptotic be-
havior.

Corollary 1. Assume γg,N = o(N), γδ,T = O(T ), and
τ2 = O(σ2). If

γg,N
N

= O
(γδ,T

T

)
,

then
RT = O

((
σ2 + σ2

0

)1/2√
TβT γδ,T

)
. (9)

Remark. Recall that the regret bound (eq. (2)) of GP-
UCB uses only target data and is of order Õ(

√
Tγf,T ).

Comparing this with eq. (9), we see that whenever
γδ,T ≪ γf,T , the regret bound of DeltaBO is substan-
tially smaller than that of the standard GP-UCB algo-
rithm without knowledge transfer. Conversely, negative
transfer can occur when γδ,T is comparable to or larger
than γf,T . In this regime, the regret bound reverts to
the standard GP-UCB rate and, in practice, may even
degrade if the prior over-trusts a badly mismatched
source.

The rate at which information gain grows with the num-
ber of observations reflects the intrinsic difficulty of
learning the function (Williams and Rasmussen, 2006)
and is closely tied to the choice of kernel. Thus, requir-
ing γδ,T ≪ γf,T essentially amounts to assuming that
the difference function is easier to learn than the full
target function. This condition is natural in practice: it
corresponds to the source and target tasks being closely
related, which is precisely the regime in which transfer
learning is expected to yield the greatest benefit.

In the next section, we further investigate how infor-
mation gain grows with the number of iterations for
different kernels, and we characterize more precisely
when the condition γδ,T ≪ γf,T holds.

5.2 Information Gain Bounds

The regret guarantees in Theorem 1 and Corollary 1
depend on the information gain γδ,T of the difference
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function δ. Understanding how γδ,T scales with T is
therefore essential. Two factors can make γδ,T sig-
nificantly smaller than γf,T : (i) the spectral decay
of the kernel governing δ, which reflects its smooth-
ness or effective complexity; and (ii) the amplitude
τ2 := supx∈D kδ(x, x), which rescales the eigenvalues
of kδ and determines the overall magnitude of the in-
formation gain.

We first establish bounds on γδ,T for three commonly
used kernel classes.
Proposition 1 (Information gain with amplitude
scaling). Let D ⊆ Rd be compact and kδ(x, x

′) =
τ2k̄δ(x, x

′) with supx∈D k̄δ(x, x) ≤ 1. Denote by γδ,T
the maximum information gain of δ after T evaluations
under Gaussian noise of variance σ2. Then, for abso-
lute constants C1, C2 > 0 depending only on d and σ2,
we have:

(a) Linear kernel. If k̄δ(x, x′) = x⊤x′, with effective
dimension d, then

γδ,T ≤ C1 τ
2 d log

(
eT
)
+ C2 log

(
1 + τ2

)
.

(b) Squared Exponential (SE) kernel. If k̄δ is the
squared exponential kernel on D ⊂ Rd, i.e.

k̄δ(x, x
′) = exp

(
−∥x− x′∥2

2ℓ2

)
,

with length-scale parameter ℓ > 0, then

γδ,T ≤ C1 τ
2 (log T )d+1 + C2 log

(
1 + τ2

)
.

(c) Matérn kernel. If k̄δ is the Matérn kernel with
smoothness parameter ν > 1, then

γδ,T ≤ C1 τ
2 T

d(d+1)
2ν+d(d+1) log T + C2 log

(
1 + τ2

)
.

Remark (Two drivers of reduced information gain).
Proposition 1 highlights two complementary mecha-
nisms for keeping γδ,T small:

• Spectral decay. If δ is smoother or of lower
effective complexity than the target f , the eigen-
values of k̄δ decay faster. For example, SE kernels
yield γδ,T = O((log T )d+1), which grows much
more slowly than the polynomial rates of Matérn
kernels. Thus, smoothness of δ ensures that γδ,T
increases slowly with T , directly tightening regret
bounds.

• Small amplitude τ . The variance scale τ2 acts
as a multiplicative factor on the leading terms
of γδ,T . A small amplitude therefore reduces the
overall scale of the information gain, especially in
moderate-sample regimes, and further accelerates
convergence.

In practice, DeltaBO benefits from both effects: spec-
tral decay governs the growth rate of γδ,T , while ampli-
tude determines its overall scale.

Substituting the bounds of Proposition 1 into Corol-
lary 1 shows that whenever the difference function δ is
smoother (with faster spectral decay) and/or has small
amplitude, the resulting regret bound of DeltaBO is
substantially tighter than that of target-only GP-UCB.

5.3 Theory-Driven Guidelines for Practice

Our theoretical analysis shows that the cumulative
regret of DeltaBO is of order Õ(

√
T (T/N + γδ)), which

suggests several guidelines for applying DeltaBO in
practice. First, unlike Shilton et al. (2017), our regret
bound depends explicitly on N , which encourages users
to collect more observations from a related source task
to improve the performance of DeltaBO. Since our goal
is to accelerate the optimization process in T , T is
typically small, so N ≫ T can often be satisfied easily.
Second, the dependence on γδ reflects the difficulty of
the knowledge-transfer problem, as it is determined
by the difference function δ. Consequently, DeltaBO
performs best when the target task is closely aligned
with the source tasks. See our experiments (Section
6) for practical results. Finally, while we focus on the
accelerated BO regime, collecting more observations
from the target task (i.e., increasing T ) always helps
the optimization process since DeltaBO is a no-regret
algorithm, i.e., limN,T→∞ RT /T = 0.

6 EXPERIMENTS

6.1 Experimental Settings

Baselines. We compare DeltaBO with six BO algo-
rithms: GP-EI (Jones et al., 1998), GP-PI (Kushner,
1964), GP-TS (Thompson, 1933), GP-UCB (Srinivas
et al., 2010), Env-GP, and Diff-GP. The first four al-
gorithms are classical BO methods without knowledge
transfer, while the last two focus on BO with knowledge
transfer and were proposed in Shilton et al. (2017). 3

Evaluations. We summarize performance using two
metrics, cumulative regret RT and average cumula-
tive regret RT /T . For both metrics, lower is better,
and we report 95% confidence intervals, calculated as
±1.96 · ν/

√
n, where ν denotes the empirical standard

deviation of the metrics across n replications. We set
n = 100 for the real-world experiments and n = 30
in the synthetic setting. Due to the page limit, more
details on the experimental settings and results for

3We compared against Env-GP and Diff-GP because
they are the only GP-UCB-based BO methods with knowl-
edge transfer that come with provable guarantees.
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average regret are deferred to Appendix C.

6.2 Real-World AutoML Experiments

To illustrate the effectiveness of DeltaBO in a real-
world setting, we conduct hyperparameter tuning for
classification tasks on the UCI Breast Cancer dataset
(Dua and Graff, 2017) following Liu and Wang (2023).
The black-box objective is defined as the mapping from
hyperparameter configurations to validation accuracy,
with dimensionality equal to the number of hyperpa-
rameters in each classification model. We use two
models: Gradient Boosting (GBoost) with 11 hyperpa-
rameters, and Multi-Layer Perceptron (MLP) with 8
hyperparameters.

We construct the source and target datasets by first
designating 60% of the data as a shared portion. The
remaining 40% is split evenly between the two domains,
so that each dataset contains 80% of the overall samples.
The source dataset contains N = 90 observations, and
the optimization is run for T = 30 iterations, starting
with 6 initial observations.

For modeling, we use a Matérn kernel for both the
source and target functions. Since the source and tar-
get tasks are expected to be similar, we model the
difference function with a squared exponential kernel,
using an appropriate lengthscale to enforce smoothness.
This choice provides flexibility in capturing task dis-
crepancies while making the difference function easier
to learn.

Figure 2a shows that DeltaBO significantly outper-
forms all other baselines by achieving lower cumulative
regret. In Figure 2b, DeltaBO establishes a consis-
tent advantage after the initial iterations, with only
slight overlap in the error bars with Env-GP and Diff-
GP, which themselves exhibit nearly identical behavior.
This result highlights DeltaBO’s advantage in employ-
ing an independent GP with a kernel distinct from
those of the source and target objectives, thereby en-
abling lower regret through appropriate modeling of
the difference function.

6.3 Synthetic Experiments

Gaussian kernel functions. In the first synthetic
experiment, we follow the setup of Shilton et al. (2017).
The source and target functions are defined as

g(x) = exp
(
− 1

2∥x− µ′1∥2
)
, f(x) = exp

(
− 1

2∥x− µ1∥2
)

where µ′ = µ + s√
n

and s specifies the shift factor
between the source and target. We use the squared
exponential kernel for all functions and set the dimen-
sionality to 2, as in the original setting. In this case, we
focus on a shift of s = 1, which corresponds to a more

substantial difference between the source and target,
and we increase N to 400 in order to better evaluate
the algorithms under richer source information.

From Figure 2c, we can see that Env-GP and Diff-GP
outperform the classical algorithms, but neither method
is comparable to DeltaBO. In contrast, DeltaBO
achieves significantly lower regret than all other al-
gorithms and maintains small error bars. This demon-
strates that DeltaBO benefits the most from the increas-
ing number of source observations, which is consistent
with our theoretical conclusion in eq. (8). Intuitively,
Env-GP and Diff-GP are also expected to benefit from
additional source data; however, no theoretical guar-
antee has been established regarding the relationship
between increasing source data and decreasing regret
for these methods.

Bohachevsky functions. Next, we choose our source
and target functions from the Bohachevsky family:

g(x) = x2
1 + 2x2

2 − 0.3 cos(3πx1)− 0.4 cos(4πx2) + 0.7,

f(x) = x2
1 + 2x2

2 − 0.3 cos(3πx1) · cos(4πx2) + 0.3,

both defined over [−2, 2]2 and discretized into a uniform
grid of 120× 120 points. The source dataset has N =
400 samples, while the target evaluation is run for
T = 30 iterations. We select a Matérn kernel for
our target f and difference function δ, and a squared
exponential kernel for our source function g.

As shown in Figure 2d, DeltaBO outperforms all other
algorithms. Env-GP achieves the best performance
among the baselines and remains close to DeltaBO in
the early iterations, with both methods reaching low
regret quickly. As the number of iterations increases,
however, DeltaBO sustains a clear advantage: its re-
gret growth slows substantially and eventually levels
off, meaning that it has found the global optimum.
This behavior highlights DeltaBO’s ability to leverage
prior knowledge from g, thereby reducing the need for
further exploration. Again, DeltaBO achieves lower
regret than Diff-GP by allowing independent kernels
for each function, which enables DeltaBO to model
diverse scenarios, whereas Diff-GP is limited to using
the same kernel across functions.

Assumption-satisfied setting. Finally, we study the
performance of DeltaBO in a synthetic setting where
Assumption 1 is well satisfied. The function domain
is set to [−1, 1]2, discretized on a uniform 120 × 120
grid. We first generate source samples from a Matérn
kernel with lengthscale 1.2, and difference samples δ
from a squared exponential kernel with lengthscale 1.0.
The target samples are then obtained by eq. (4). Also,
the bound for the difference kernel is set to τ2 = 0.8
to satisfy Assumption 1.
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(a) AutoML on GBoost (b) AutoML on MLP (c) Synthetic Gaussain kernel

(d) Synthetic Bohachevsky (e) Assumptions-satisfied setting

Figure 2: Cumulative regrets of all compared algorithms.

From Figure 2e, we observe that Diff-GP achieves per-
formance comparable to DeltaBO in the early iterations.
This is consistent with our assumption, since Diff-GP
also models the difference between the source and tar-
get tasks, making it similar to our additive setting.
However, as the number of iterations increases, Diff-
GP fails to sustain the same low regret as DeltaBO.
We attribute this minor gap to misspecification of the
difference kernel, as Diff-GP constrains the kernel of δ
to be the same as those of the source and target, while
DeltaBO allows the use of the true kernel with which
we generated δ, namely the squared exponential kernel.

Our experiments demonstrate consistent improvements
over standard BO baselines in the transfer-learning set-
tings studied here. Extending DeltaBO to substantially
larger datasets and integrating it with more heavily
engineered BO systems would require additional effort,
and we view this as a natural direction for future work.

7 CONCLUSION

While BO has been successfully applied to many critical
real-world applications, evaluating even a single itera-
tion often remains time-consuming and costly, which
severely limits its broader success. To accelerate the
optimization process, in this paper we systematically
study how BO can be accelerated on a target task
by transferring historical knowledge from a related
source task. While there are existing works in this
area, they either do not come with theoretical guaran-
tees or achieve the same regret bound as BO in the
non-transfer setting, failing to show the advantage of
access to historical knowledge. To address this prob-

lem, we propose the DeltaBO algorithm, in which a
novel uncertainty-quantification approach is built on
the difference function δ between the source and tar-
get functions, which are allowed to belong to different
RKHSs. Under mild assumptions, we prove that the re-
gret of DeltaBO is of order Õ(

√
T (T/N + γδ)), where

typically N ≫ T and γδ ≪ γf when source and target
tasks are similar. Empirical studies on both real-world
and synthetic tasks show that DeltaBO outperforms
all other baseline methods. Possible future directions
include proving a regret lower bound for the DeltaBO
algorithm.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
[Yes] We provide a clear description of the
mathematical setting and assumptions in Sec-
tions 3 and 4, where we formalize the addi-
tive model (Assumption 1) and introduce the
DeltaBO algorithm, complete with posterior
derivations and acquisition rules.

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
[Yes] In Section 5, we analyze the theoreti-
cal properties of DeltaBO, including regret
bounds that characterize its performance rel-
ative to baseline BO algorithms.

(c) (Optional) Source code, with specification of
all dependencies, including external libraries.
[Yes] We provide source code with full depen-
dencies in a Github link.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of all
theoretical results. [Yes] We state all theoret-
ical assumptions explicitly, most notably As-
sumption 1, and the theoretical results about
regret analysis is in Section 5.

(b) Complete proofs of all theoretical results.
[Yes] Complete proofs are provided in the
supplementary material (Appendix A and B).

(c) Clear explanations of any assumptions. [Yes]
The rationale and implications of our assump-
tions are explained in Section 3 and further
clarified in Section 5, which discusses their
role in ensuring sublinear regret.

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to re-
produce the main experimental results (either
in the supplemental material or as a URL).
[Yes] We include code, data sources, and in-
structions to enable full reproducibility of the
experiments.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). [Yes]
All training details, including data splits, hy-
perparameter choices, and kernel settings, are
reported in Section 6 and Appendix C.

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments

multiple times). [Yes] We clearly define the
evaluation metrics and specify how error bars
are constructed at the start of Section 6.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). [Yes] Details of the comput-
ing infrastructure are shown in the appendix.

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses
existing assets. [Yes] We cite all datasets used,
including the UCI Breast Cancer dataset, and
provide references for benchmark functions
used in synthetic experiments.

(b) The license information of the assets, if appli-
cable. [Not Applicable]

(c) New assets either in the supplemental material
or as a URL, if applicable. [Not Applicable]

(d) Information about consent from data
providers/curators. [Not Applicable]

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. [Not Applicable]

(b) Descriptions of potential participant risks,
with links to Institutional Review Board (IRB)
approvals if applicable. [Not Applicable]

(c) The estimated hourly wage paid to partici-
pants and the total amount spent on partici-
pant compensation. [Not Applicable]
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A Proof for Theorem 1

In this section, we prove Theorem 1. We begin with several auxiliary lemmas and then proceed to the main proof
of the theorem.

A.1 Auxiliary Lemmas

In this section, we present some auxiliary lemmas that will be useful for proving the main theorem.

Lemma 1. Fix ρ ∈ (0, 1). By setting

βt = 2 log

(
|D|π2t2

6ρ

)
,

we have, with probability at least 1− ρ,∣∣f(x)− µg,N (x)− µδ,t−1(x)
∣∣ ≤

√
βt

√
σ2
g,N (x) + σ2

δ,t−1(x)

for all t ∈ N+ and x ∈ D.

Proof. For any t ≥ 1 and x ∈ D, recall that f(x) = g(x) + δ(x). Define

ỹt = f(xt)− µg,N (xt) = δ(xt) + νt,

where νt = g(xt)− µg,N (xt) ∼ N (0, σ2
g,N (xt)). Conditioned on past observations, we have

δ(xt) ∼ N (µδ,t−1(xt), σ
2
δ,t−1(xt)).

Since g ⊥⊥ δ, it follows that

f(xt)− µg,N (xt)− µδ,t−1(xt) ∼ N
(
0, σ2

g,N (xt) + σ2
δ,t−1(xt)

)
.

Let
σ2
t (x) := σ2

g,N (x) + σ2
δ,t−1(x).

By the Gaussian tail bound,

Pr
( ∣∣f(x)− µg,N (x)− µδ,t−1(x)

∣∣ >√βt σt(x)
)

≤ exp
(
−βt

2

)
.

Applying the union bound over all x ∈ D gives

Pr
(
∃x ∈ D :

∣∣f(x)− µg,N (x)− µδ,t−1(x)
∣∣ >√βt σt(x)

)
≤ |D| · exp

(
−βt

2

)
.

To make the guarantee uniform over all t ∈ N+, we distribute the total failure probability ρ across time steps.
Assign the failure probability at time t to be 6ρ

π2t2 , noting that

∞∑
t=1

6

π2t2
= 1.
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Thus, it suffices to choose βt such that

|D| · exp
(
−βt

2

)
=

6ρ

π2t2
,

which yields

βt = 2 log

(
|D|π2t2

6ρ

)
.

Finally, applying the union bound over all t ∈ N+ establishes that, with probability at least 1− ρ, the stated
inequality holds for all t ∈ N+ and all x ∈ D. ■

Lemma 2. Fix t ≥ 1. Suppose that for all x ∈ D,∣∣f(x)− µg,N (x)− µδ,t−1(x)
∣∣ ≤

√
βt

√
σ2
g,N (x) + σ2

δ,t−1(x). (10)

Then the instantaneous regret rt := f(x⋆)− f(xt) satisfies

rt ≤ 2
√

βt

√
σ2
g,N (xt) + σ2

δ,t−1(xt).

Proof. This proof follows the argument of Lemma 5.2 in Srinivas et al. (2010). By the definition of GP-UCB, the
chosen point xt maximizes the upper confidence bound:

µg,N (xt) + µδ,t−1(xt) +
√
βt

√
σ2
g,N (xt) + σ2

δ,t−1(xt) ≥ µg,N (x⋆) + µδ,t−1(x
⋆) +

√
βt

√
σ2
g,N (x⋆) + σ2

δ,t−1(x
⋆).

Using the confidence bound (10), we have

µg,N (x⋆) + µδ,t−1(x
⋆) +

√
βt

√
σ2
g,N (x⋆) + σ2

δ,t−1(x
⋆) ≥ f(x⋆).

Hence,
f(x⋆)− µg,N (xt)− µδ,t−1(xt) ≤

√
βt

√
σ2
g,N (xt) + σ2

δ,t−1(xt).

On the other hand, applying (10) at xt gives

µg,N (xt) + µδ,t−1(xt)− f(xt) ≤
√
βt

√
σ2
g,N (xt) + σ2

δ,t−1(xt).

Combining the two inequalities, we obtain

rt = f(x⋆)− f(xt)

=
(
f(x⋆)− µg,N (xt)− µδ,t−1(xt)

)
+
(
µg,N (xt) + µδ,t−1(xt)− f(xt)

)
≤ 2
√

βt

√
σ2
g,N (xt) + σ2

δ,t−1(xt),

which proves the claim. ■

Lemma 3. Let κ(x, x′) be a kernel function defined on the domain D. For any positive integer n and any
sequence {xt}t≥1 ⊆ D, define

κn(x) :=
[
κ(x1, x), . . . , κ(xn, x)

]⊤ ∈ Rn, x ∈ D,

Kn :=
[
κ(xi, xj)

]
1≤i,j≤n

∈ Rn×n.

Further, set
σ2
n(x) := κ(x, x)− κn(x)

⊤(Kn + σ2I
)−1

κn(x), x ∈ D.

Then, for all x ∈ D,
σ2
n+1(x) ≤ σ2

n(x).
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Proof. Fix n and x ∈ D. Let

A := Kn + σ2I ∈ Rn×n, u := κn(xn+1) ∈ Rn, c := κ(xn+1, xn+1) + σ2.

Then

Kn+1 + σ2I =

[
A u

u⊤ c

]
, κn+1(x) =

[
κn(x)

κ(xn+1, x)

]
.

Since κ is positive semidefinite and σ2 > 0, A is positive definite. The Schur complement of the block A is

s := c− u⊤A−1u = σ2 + κ(xn+1, xn+1)− κn(xn+1)
⊤A−1κn(xn+1) = σ2 + σ2

n(xn+1) > 0.

By the block inversion formula,

(
Kn+1 + σ2I

)−1
=

[
A−1 +A−1us−1u⊤A−1 −A−1us−1

−s−1u⊤A−1 s−1

]
.

Let v := κn(x) and α := κ(xn+1, x). Then

κn+1(x)
⊤(Kn+1 + σ2I

)−1
κn+1(x) =

[
v⊤ α

] [A−1 +A−1us−1u⊤A−1 −A−1us−1

−s−1u⊤A−1 s−1

] [
v
α

]
= v⊤A−1v + s−1

(
α− u⊤A−1v

)2
.

Therefore,

σ2
n+1(x) = κ(x, x)−

[
v⊤A−1v + s−1

(
α− u⊤A−1v

)2]
= σ2

n(x)−
(
α− u⊤A−1v

)2
s

.

Since s > 0, the last term is nonnegative, yielding σ2
n+1(x) ≤ σ2

n(x). ■

Lemma 4. Let the maximum mutual information gain be defined as

γg,N := max
A⊆D
|A|=N

I
(
y(0); gA

)
.

Then,
T∑

t=1

σ2
g,N (xt) ≤ 2Tγg,N σ2

0

N − 2γg,N
.

Proof. This proof follows the argument of Lemma 5.3 in Srinivas et al. (2010).

Consider observations of the form

y
(0)
i = g(x

(0)
i ) + ε

(0)
i , ε

(0)
i ∼ N (0, σ2

0), i = 1, . . . , N.

Let A(0) = {x(0)
1 , . . . , x

(0)
N }. The mutual information between y

(0)
N and gA(0) is

I(y
(0)
N ; gA(0)) = 1

2

N∑
i=1

log
(
1 + σ−2

0 σ2
g,i−1(x

(0)
i )
)
.

By the definition of γg,N ,
N∑
i=1

log
(
1 + σ−2

0 σ2
g,i−1(x

(0)
i )
)

≤ 2γg,N . (11)

Since log(1 + x) ≥ x
1+x for all x ≥ 0, we obtain

log
(
1 + σ−2

0 σ2
g,i−1(x

(0)
i )
)

≥
σ2
g,i−1(x

(0)
i )

σ2
0 + σ2

g,i−1(x
(0)
i )

.
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Plugging this into (11) yields
N∑
i=1

σ2
g,i−1(x

(0)
i )

σ2
0 + σ2

g,i−1(x
(0)
i )

≤ 2γg,N .

By Lemma 3, σ2
g,N (x) ≤ σ2

g,i−1(x) for all x ∈ D and 2 ≤ i ≤ N . Thus,

σ2
g,N (x)

σ2
0 + σ2

g,N (x)
≤

σ2
g,i−1(x)

σ2
0 + σ2

g,i−1(x)
for all i.

Summing over i = 1, . . . , N gives

N ·
σ2
g,N (x)

σ2
0 + σ2

g,N (x)
≤ 2γg,N .

Rearranging yields

σ2
g,N (x) ≤ 2γg,N σ2

0

N − 2γg,N
.

Finally, summing this bound over t = 1, . . . , T gives

T∑
t=1

σ2
g,N (xt) ≤ 2Tγg,N σ2

0

N − 2γg,N
,

as claimed. ■

A.2 Main Proof

The proof follows the argument of Lemma 5.4 in Srinivas et al. (2010).

From Lemma 1 and Lemma 2, we know that with probability at least 1− ρ,

r2t ≤ 4βt

(
σ2
g,N (xt) + σ2

δ,t−1(xt)
)
, t ≥ 1.

Summing over t = 1, . . . , T gives

T∑
t=1

r2t ≤ 4βt

T∑
t=1

(
σ2
g,N (xt) + σ2

δ,t−1(xt)
)
.

The g-term. By Lemma 4,
T∑

t=1

σ2
g,N (xt) ≤ 2Tγg,Nσ2

0

N − 2γg,N
.

The δ-term. Recall

C2 =
τ2/σ2

log(1 + τ2/σ2)
.

For any s2 ∈ [0, τ2σ−2] we have
s2 ≤ C2 log(1 + s2), (12)

because the function h(u) = u/ log(1 + u) is nondecreasing and achieves its maximum at u = τ2σ−2, which equals
C2.

Now set
s2 = σ−2

δ,0 (xt)σ
2
δ,t−1(xt).

Since σ−2
δ,0 (xt) ≤ σ−2 and σ2

δ,t−1(xt) ≤ τ2, we indeed have s2 ∈ [0, τ2σ−2], so (12) applies:

σ−2
δ,0 (xt)σ

2
δ,t−1(xt) ≤ C2 log

(
1 + σ−2

δ,0 (xt)σ
2
δ,t−1(xt)

)
.
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Multiplying both sides by σ2
δ,0(xt) and summing over t = 1, . . . , T yields

T∑
t=1

σ2
δ,t−1(xt) ≤ σ2

δ,0(xt)C2

T∑
t=1

log
(
1 + σ−2

δ,0 (xt)σ
2
δ,t−1(xt)

)
.

As in the proof of (11), the sum of logarithms is bounded by 2γδ,T , so

T∑
t=1

σ2
δ,t−1(xt) ≤ σ2

δ,0(xt)C2 · 2γδ,T .

Finally, since σ2
δ,0(xt) = σ2

g,N (xt) + σ2, we obtain

T∑
t=1

σ2
δ,t−1(xt) ≤

(
2γg,N

N − 2γg,N
σ2
0 + σ2

)
· C2 · 2γδ,T .

Conclusion. Combining the bounds for the g- and δ- terms, we have

T∑
t=1

r2t ≤ 4βt

(
2Tγg,Nσ2

0

N − 2γg,N
+ 2C2γδ,T

(
2γg,N

N−2γg,N
σ2
0 + σ2

))
.

Finally, by the Cauchy–Schwarz inequality,

R2
T ≤ T

T∑
t=1

r2t ,

which completes the proof of Theorem 1.

B Additional Proofs

B.1 Proof of Corollary 1

Since γg,N = o(N), we have

γg,N
N − 2γg,N

=
γg,N
N

· 1

1− 2(γg,N/N)
=

γg,N
N

· 1

1− o(1)
= O

(γg,N
N

)
.

From (8) and the assumption τ2 = O(σ2), it follows that

RT ≤ O

(√
TβT

(
σ2
0Tγg,N
N

+ γδ,T

(
σ2
0γg,N

N + σ2
))1/2

)
. (13)

If
γg,N
N

= O
(γδ,T

T

)
,

then, since γδ,T = O(T ), we also have

σ2
0Tγg,N
N

= O
(
σ2
0γδ,T

)
, σ2

0

γg,N
N

= O(σ2
0).

Substituting into (13), we obtain

RT = O
((

σ2 + σ2
0

) 1
2
√
TβT γδ,T

)
.



Provable Accelerated Bayesian Optimization with Knowledge Transfer

B.2 Proof of Proposition 1

We now provide a proof of Proposition 1, which establishes the growth rates of the maximum information gain
γδ,T for several common kernel classes.

Proof. Let A ⊂ D with |A| = T , and let KA be the kernel matrix associated with kδ. By construction,

kδ(x, x
′) = τ2k̄δ(x, x

′),

so the eigenvalues of KA satisfy
λi = τ2λ̄i, i = 1, 2, . . . , T,

where {λ̄i} are the eigenvalues corresponding to k̄δ.

The mutual information is given by

I(yA; fA) =
1

2

T∑
i=1

log
(
1 + λi

σ2

)
=

1

2

T∑
i=1

log
(
1 + τ2

σ2 λ̄i

)
.

Maximizing over all A ⊂ D with |A| = T gives the definition of γδ,T .

Step 1. Reduction to eigenvalue tail bounds. Following the approach of Srinivas et al. (2010), Theorem 4,
we split the eigenvalues into the top T ⋆ and the tail:

γδ,T ≤ 1
2

T⋆∑
i=1

log
(
1 + τ2

σ2 λ̄i

)
+ T

2σ2

∑
i>T⋆

τ2λ̄i.

This decomposition follows from bounding log(1 + x) ≤ x for small eigenvalues in the tail.

Step 2. Eigen-decay of specific kernels.

• Linear kernel. The spectrum has rank at most d, with eigenvalues bounded by O(1). Thus,

γδ,T ≤ O
(
τ2d log(eT )

)
+O(log(1 + τ2)).

• Squared Exponential (SE) kernel. The eigenvalues of the normalized SE kernel decay exponentially in
i1/d (Srinivas et al., 2010). Optimizing T ⋆ = O((log T )d) yields

γδ,T ≤ O
(
τ2(log T )d+1

)
+O(log(1 + τ2)).

• Matérn kernel. The eigenvalues of the normalized Matérn kernel with smoothness ν decay polynomially as
λ̄i = O(i−

2ν+d
d ) (Srinivas et al., 2010). Optimizing T ⋆ in the bound gives

γδ,T ≤ O
(
τ2T

d(d+1)
2ν+d(d+1) log T

)
+O(log(1 + τ2)).

Step 3. Collecting terms. The additional log(1 + τ2) term appears from bounding the contribution of the
first few eigenvalues, which is independent of T . Combining the above establishes the claimed bounds for all
three kernel families. ■

C Additional Experimental Details

This section provides the detailed configurations, including implementation settings and hyperparameter, and
additional results in average regrets.

C.1 Real-World Experimental Settings

Here we describe the real-world experimental configurations, including algorithm implementation, dataset
preparation, hyperparameter choices.
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C.1.1 Algorithm Implementation

We used a single NVIDIA A40 GPU (48GB) for our experiments. In the Gradient boosting task, the observation
noise for the source function g is set to σ0 = 0.02, and for the target function f to σ = 0.01. Both functions
employ a Matérn kernel with smoothness parameter ν = 5

2 , which is kept consistent across all experiments.; the
lengthscales are 1.8 for the source and 1.0 for the target. The difference function uses a squared exponential
kernel with lengthscale 1.2. The variance of the difference kernel is bounded by τ2 = 0.22. We fix βt = 0.2 for all
algorithms (GP-UCB, Env-GP, Diff-GP, and DeltaBO) to balance exploration and exploitation uniformly across
all algorithms. In the Multi-layer perceptron task, the kernel choices and variance bound for the difference kernel
remain the same, while the lengthscales are set to 2.0, 1.0, and 1.0 for the source, target, and difference functions.
For MLP task, we fix βt = 0.3.

C.1.2 Hyperparameter Settings

Hyperparameters settings mainly follow Liu and Wang (2023). Hyperparameters may take either continuous
or categorical forms. To ensure a consistent comparison between DeltaBO and Bayesian optimization baselines,
we restrict all hyperparameter tuning experiments to a continuous search domain [0, 10]d. For categorical
hyperparameters, we assign disjoint subintervals of equal length within this range to represent each category.
For instance, consider the hyperparameter indicating whether to shuffle samples in each iteration (bool, True or
False); we map the intervals [0, 5) and [5, 10] to the two options, respectively. Continuous hyperparameters are
linearly scaled to the same [0, 10] range. As an example, if a hyperparameter originally takes values in (0, 1), we
multiply its value by 10 to obtain its mapped representation in (0, 10).

Hyperparameters for real-world task are listed as follows.

Classification with Multi-Layer Perceptron.

1. Activation function (string, “identity”, “logistic”, “tanh”, or “relu”).

2. Strength of the L2 regularization term (float, [10−6, 10−2]).

3. Initial learning rate (float, [10−6, 10−2]).

4. Maximum number of iterations (integer, [100, 300]).

5. Whether to shuffle samples in each iteration (bool, True or False).

6. Exponential decay rate for the first moment vector (float, (0, 1)).

7. Exponential decay rate for the second moment vector (float, (0, 1)).

8. Maximum number of epochs without tolerance improvement (integer, [1, 10]).

Classification with Gradient Boosting.

1. Loss function (string, “logloss” or “exponential”).

2. Learning rate (float, (0, 1)).

3. Number of estimators (integer, [20, 200]).

4. Fraction of samples used for fitting base learners (float, (0, 1)).

5. Criterion to measure split quality (string, “friedman_mse” or “squared_error”).

6. Minimum number of samples required to split an internal node (integer, [2, 10]).

7. Minimum number of samples required to be at a leaf node (integer, [1, 10]).

8. Minimum weighted fraction of the total sum of weights (float, (0, 0.5)).

9. Maximum depth of regression estimators (integer, [1, 10]).

10. Number of features considered for best split (float, “sqrt” or “log2”).

11. Maximum number of leaf nodes in best-first fashion (integer, [2, 10]).
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C.2 Synthetic Experimental Settings

For Gaussian kernel functions, the lengthscale of all kernels is 0.1, with observation noise for both source (σ2
0) and

target (σ2) being 0.01, and τ2 = 0.32. For Bohachevsky functions, lengthscale of source, target, and difference
kernel is 1.6, 0.8, and 1.0 with σ2

0 = 0.24, σ2 = 0.06 and τ2 = 0.32. In assumption-satisfied setting, σ2
0 = 0.1 and

σ2 = 0.01. The target GP in the baseline algorithms is modeled using a Matérn kernel with lengthscale 1.0.

C.3 Additional Experimental Results in Average Regrets

Figure 3 shows the performances of all compared algorithms in average regrets. The experimental settings are
exactly the same as those for cumulative regrets in the main paper, and similar performances can be observed.

(a) AutoML on GBoost (b) AutoML on MLP

(c) Synthetic Gaussain kernel (d) Synthetic Bohachevsky

(e) Assumptions-satisfied setting

Figure 3: Average regrets of all compared algorithms.
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