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Abstract

Hyperparameter Optimization (HPO) is crucial in machine
learning, aiming to optimize hyperparameters to enhance
model performance. Although existing methods that leverage
prior knowledge—drawn from either previous experiments
or expert insights—can accelerate optimization, acquiring
a correct prior for a specific HPO task is non-trivial. In
this work, we propose to relieve the reliance on external
knowledge by learning a reliable prior directly from low-
fidelity (LF) problems. We introduce Lamda, an algorithm-
agnostic framework designed to boost any baseline HPO
algorithm. Specifically, Lamda operates in two phases: (1)
it learns a reliable prior by exploring the LF landscape under
limited computational budgets, and (2) it leverages this learned
prior to guide the HPO process. We showcase how the Lamda
framework can be integrated with various HPO algorithms
to boost their performance, and further conduct theoretical
analysis towards the integrated Bayesian optimization and
bandit-based Hyperband. We conduct experiments on 56 HPO
problems spanning diverse domains and model scales. Results
show that Lamda consistently enhances its baseline algorithms.
Compared to nine state-of-the-art HPO algorithms, our Lamda
variant achieves the best performance in 51 out of 56 HPO
tasks while it is the second best algorithm in the other 5 cases.

Introduction

The performance of modern machine learning (ML) models
depends heavily on their hyperparameter configurations (Bis-
chl et al. 2023), such as the learning rate and the number of
training epochs for deep neural networks. As a result, auto-
matically tuning hyperparameters has attracted significant
interest from both academia and industry (Li et al. 2022a). In
practice, this automatic tuning process is often modeled as a
black-box optimization problem known as hyperparameter
optimization (HPO). Given a hyperparameter space X, the
goal of HPO is to identify the best hyperparameter config-
uration x* that minimizes the objective function f(x) for a
given ML task:

x* € argmin f(x), (1)

xeX

where f(x) represents the model’s performance metric (e.g.,
training loss or validation error) corresponding to the configu-
ration x. HPO is challenging due to its combinatorially large
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search space and the computational expense of evaluating
f(x), especially for large models.

While methods ranging from simple heuristics like ran-
dom search (RS) (Bergstra and Bengio 2012) and grid
search (Montgomery 2017) to more advanced approaches
such as evolution strategies (Real et al. 2019) and sample-
efficient Bayesian optimization (BO) (Bergstra et al. 2011;
Kandasamy et al. 2018) have been recognized to be effective
in HPO, they often start their HPO process from scratch when
presented with a new set of ML instances. Such cold-start
strategy can be inefficient as it ignores knowledge gained
from previously solved tasks or domain experts.

In recent years, significant efforts have been made to warm-
start the HPO process by leveraging prior knowledge. These
approaches generally fall into two categories.

* Data-driven. The prior is learned from historical or re-
lated tasks. For instance, meta-learning can warm-start
the HPO process by setting initial design as hyperpa-
rameter configurations that have performed well in sim-
ilar tasks (Feurer, Springenberg, and Hutter 2015; Lin-
dauer and Hutter 2018). Alternatively, transfer learning
trains joint surrogate models across multiple tasks, en-
abling knowledge transfer as multi-task optimization (Per-
rone et al. 2018) and few-shot optimization (Wistuba and
Grabocka 2021). Historical data can also refine or reduce
the search space (Perrone and Shen 2019; Li et al. 2022a).
However, data-driven methods rely on the assumption of
task similarity and sufficient related data, which can be
challenging to satisfy in real-world scenarios.

* Expert-driven. The prior is explicitly encoded based
on expert knowledge about where the optimum might
lie. This approach has gained traction as deep learning
practitioners develop better insights into promising hy-
perparameter regions (Bouthillier and Varoquaux 2020),
particularly in identifying regions of hyperparameters
that are likely to yield good results (Souza et al. 2021;
Hvarfner et al. 2022). For example, PriorBand (Mallik
etal. 2023) and BO with prior (Souza et al. 2021; Hvarfner
et al. 2022) inject expert-defined prior distributions into
HPO algorithms. Empirical results in (Shwartz-Ziv et al.
2022) suggest that leveraging priors from high-performing
configurations can outperform methods that learn initial-
izations from similar tasks. However, obtaining accurate
prior knowledge for a specific HPO task is non-trivial.



Different from those prior-based methods, another pop-
ular way to accelerate HPO is to exploit internally gener-
ated low-fidelity (LF) problems, also known as multi-fidelity
HPO (Kandasamy et al. 2019; Mikkola et al. 2022). By ap-
plying techniques such as training on smaller data subsets or
fewer epochs (Klein et al. 2017; Falkner, Klein, and Hutter
2018), one can derive a LF proxy that is computationally
cheaper to evaluate while still resembling the high-fidelity
objective function. More interestingly, a recent work (Huang
and Li 2025) experimentally demonstrated that promising
regions containing good low- and high-fidelity solutions have
significant overlaps in many HPO scenarios. This finding in-
spires us to come up with a motivating hypothesis as follows.

Can we learn a reliable prior directly from the low-
fidelity proxy of the underlying HPO task without
requiring external data or expert knowledge?

Building upon this hypothesis, we propose a two-phase
HPO framework, named Lamda (Learning prior from low-
fidelity data), which is algorithm-agnostic and serves as a
booster for existing HPO algorithms.

* In the first-phase search, Lamda leverages LF evaluations
to identify promising regions of LF problems, which are
used to construct a reasonably reliable prior for under-
lining HPO algorithms. Thereafter, such learned prior is
used to guide the search region in the second-phase search
within the high-fidelity landscape.

* To demonstrate the algorithm-agnostic nature of Lamda,
we develop five Lamda instances by incorporating it into
different existing HPO algorithms, ranging from prior-
and bandit-based methods, as well as multi-fidelity BO.
In addition, using the prior-based BO (Bect, Bachoc, and
Ginsbourger 2019) and bandit-based Hyperband (Mallik
et al. 2023) as examples, we analyze the theoretical prop-
erties of using Lamda therein.

¢ To validate the effectiveness of our methods, we conduct
experiments on 56 HPO tasks across computer vision, nat-
ural language processing, as well as tabular data. These
tasks involve models with varying scales, ranging from
5-layer fully connected networks and ResNet-50 to large-
scale transformers architecture and fine-tuning pretrained
models with 305M parameters. Comparing to the corre-
sponding baseline algorithms, using Lamda consistently
boost their performance. In particular, Lamda variants
obtain better solutions and reduce query costs by ~ 75%
across all HPO tasks. Further, comparing to 9 state-of-
the-art (SOTA) HPO algorithms, our best Lamda variant
achieves the best performance in 51 out of 56 HPO tasks
while it is the second best algorithm in the other 5 cases.
Note that our best Lamda variant also requires up to 75%
less queries than the SOTA HPO algorithms.

Proposed Method

Our proposed Lamda comprises a two-phase search strategy
(as depicted in Figure 1): » the first-phase search initially
learn a prior from the LF landscape; » the second-phase
search leverages the learned information to guide the search.
We introduce the search strategies in different phases by
addressing two key questions.
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How to Learn a Prior from the Low-Fidelity
Landscape?

Our basic idea of the first-phase search is to divide the
LF landscape into two parts: one consists of the promis-
ing regions while the other represents the inferior ones.
This can be implemented as a binary classification prob-
lem. To train such classifier, we leverage the configura-
tions visited so far during the HPO process in the LF land-
scape, denoted as S = {(x, fo(x"))}i_; where fy(-) is
the LF objective function and ¢ is the current number of
function evaluations. In particular, we adopt the classic tree-
structured Parzen estimator (TPE) method (Bergstra et al.
2011) as the classifier, given the scalability and supports
for both mixed continuous and discrete spaces. It uses the
quantile of {fy(x)|x € Sx} to determine the classifica-
tion boundary, where Sy = {x' | (x', fo(x')) € S} is
the set of sampled configurations in S. Specifically, we di-
vide S into: Spe = {x | fe(x) < y*,x € Sk} containing
promising solutions, and Siyy = {x | f¢(x) > y*,x € Sk}
containing inferior solutions, where y* is determined from
a = Pr(fe(x) < y*) quantile of {f,(x)|Vx € Sx}. Then
we denote

Ppro (X) =p (X | Spro) s <zpinf(x) =P (X | Sinf) , ()
where ¢pr0(x) is the probability density function (PDF) of
the promising solutions, and ¢j,¢(x) is the PDF of the infe-
rior solutions. We will adopt the kernel density estimation
for ¢pro(x) and pin(x), given its non-parametric nature and
applicability to complicated distributions (Chen 2017).

Instead of searching for the optimal configurations in the
LF landscape, the purpose of the first-phase search is to
identify the promising regions, and then use its PDF ;0 (x)
as the prior. In practice, the targeted regions are relatively
scattered at the beginning and will gradually become focused
around the regions that potentially cover the optima (see an
illustrative example in Supplementary Material A.1). Based
on this observation, we hypothesize that the first-phase search
can be terminated when the distribution of promising regions
becomes stable. To keep track of the progression of such
distribution, we propose to use the overlapping coefficient
(OVL) (Anderson, Linton, and Whang 2012) as a metric to
quantify the similarity between two distributions.

Definition 1 (Overlapping coefficient). Let p1(x) and p2(x)
be two PDF's on the search space X. The overlapping coeffi-
cient p of the two functions is defined as:

0 (01(x), pa(x)) = / min {1 (x), 2(x)} dx.  (3)

XEX

p (1(x), p2(x)) ranges from O to 1, where p = 1 if and
only if the two distributions are fully overlapped, and p = 0
if there is no intersection at all. The first-phase search is
terminated either if the allocated computational budget is
exhausted or the OVL of estimated distributions between
A € N iterations is close enough:

1- P (@f)ro(x)a QOE)J;OA (X)) < s (4)
where ~ denotes the threshold. The calculation of p involves
a multidimensional integral, which can be numerically in-
tractable. In practice, we employ the Monte Carlo method to
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Figure 1: Flowchart of the Lamda framework. It consists of two phases: the first phase learns a prior from the LF landscape, and
the second phase leverages the learned information to guide the search.

estimate p as

p (91(%), 92(x)) = /

xeEX

min {1 (%), p2(x)} dx

pefgg]

where N is the number of samples used in the Monte Carlo
sampling, and () is an approximation of ¢(-) such as using
the kernel density estimation.

How to Leverage the Learned Prior for HPO?

With the prior learned in the LF landscape, we hypothesize
that such information can be used to define the promising
regions in the HF landscape. Instead of searching among the
entire search space, the second-phase search is more focused
within the regions defined below:

@pro (X) = (1 - ’LU) ! QO(X) +w- @pro(x)a (6)
where (x) is the probability distribution used to guide the
HPO process in the HF landscape, ¢pro(x) is the probability
distribution of the prior learned from the first-phase search
in the LF landscape, and w € [0, 1) with is a hyperparam-
eter that controls the trade-off between the importance of
©(x) learned on-the-fly and ¢, (x) learned in the first-phase
search. Supplementary Material A.2 provides a conceptual
visualization of leveraging equation (6) during the second-
phase search. The redefined promising regions will be closer
to the true optimal solution if the prior learned in the first
phase are closer to the optimum than those before the redefini-
tion. Note that since (x) is progressively updated during the
HPO process with new configurations evaluated and added
to the dataset, it is expected that @, (x) will experience a
similar trend as @y, (%) in the first-phase search.

Integration and Comparison with Current HPO
Methods

Instead of a standalone algorithm, Lamda plays as a booster
that can be integrated with any existing HPO methods
with minor adaptation and thus augmenting the perfor-
mance of the baseline optimizer. For proof-of-concept, we
demonstrate how Lamda can be combined with differ-
ent algorithmic paradigms, including prior-based methods,
bandit-based strategies, Bayesian optimization, and Random
Search. Table 1 summarizes the integration strategies and
the associated benefits. In essence, integrating Lamda simply
involves substituting the sampling strategies of the baseline
optimizer with @pyo(X).

* Prior-Based Methods: By using Lamda, @pro(X) serves
as a priori knowledge that represents a reasonable esti-
mation of promising regions in the second-phase search.
Unlike prior-based methods, which depend on prescribed
knowledge or experience from domain experts, @pro(x) is
adaptively learned from data during the first-phase search
through the HPO process in the LF landscape. As a result,
our approach is resilient to ‘pathological priors’—whether
misleading, lacking in informative values, or potentially
adversarial—which are not uncommon when tackling new,
unseen real-life black-box applications. Additionally, we
expect a scenario between our data-driven priors with
those elicited from experts can offer consolidated perfor-
mance enhancement.

* Bandit-Based Methods: By using Lamda, @pro(X)
serves as an effective alternative to the sampling distri-
butions used in bandit-based methods. This restricts the
HPO process to focus exclusively on the learned promis-
ing regions. In contrast, bandit-based methods begin with
LF assessments to identify candidates for HF evaluation
and then gradually shift the search focus towards these
identified areas. This process, which alternates between
exploration and exploitation throughout the entire search
space, often leads to inefficient use of computational re-
sources by exploring less promising regions.
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* BO Methods: Similar to bandit-based methods, BO meth-
ods use an acquisition function learned from data to ex-
plore the entire search space. This can lead to unnec-
essary exploration of less promising regions. By using
Lamda, @pro(x) restricts the search space within the
learned promising regions. Note that this strategy can
be applied to the other BO variants.

* Random Search (RS): RS samples uniformly without
guidance. Integrating Lamda provides data-driven sam-
pling that focuses on promising regions.

To facilitate understanding of how Lamda integrates with
baseline optimizers, we provide concrete examples and pseu-
docode demonstrations. we select PriorBand, BOHB, and
MUMBO as representative algorithms for the prior-, bandit-,
and multi-fidelity BO categories, respectively. By augment-
ing these with Lamda, we obtain Lamda+PriorBand,
Lamda+BOHB, and Lamda+MUMBO. Additionally, we eval-
uate Lamda+BO and Lamda+RS to assess Lamda’s effec-
tiveness in vanilla BO and random search scenarios. The
integration details and pseudocode are documented in Sup-
plementary Material D.

Furthermore, we provide theoretical analysis under both
the prior-based BO framework and bandit-based Hyperband
framework, indicating the rational of this augmentation. For
Lamda+BO0, it incorporates prior knowledge in the acquisi-
tion function:

x"t = arg max @0 (x)AF(x, D), @)
where AF is the acquisition function in vanilla BO such
as the expected improvement (EI) considered in this paper.
D = {(x, fa(x"))}", where f5(-) is the HF objective
function. The Gau551an process regression is employed as
the surrogate model of f,(-). For a solution X, the predicted
mean and variance of the value distribution of f}(X) are
prf(%) and 03 (%).

In Lamda+BO, we apply the widely used EI as the acqui-
sition function in equation (7) given as

EI(X|D) = 04 (%) (2@ (2) + 5 () ), ®)
where z = {2=#&) =  min x), & and
To® fD (,ﬁJxDeDfﬁ( ) f ¢f

denote the cumulative distribution function and probability
density function, respectively.

Theorem 1. Given D,,, $pro(x), and applying the EI into
equation (7), assume the GP models are non-degenerated.
Let D be the collected observations with ( L fa(x 1)) fixed

while { ( , fr(x )) }7 are sequentially chosen by
x" T = arg max @0 (x)EL(X| D). ©)

Then, as n — oo, almost surely: the acquisition function
converges to zero; and the evaluated best objective ff, — [,
where f represents the global optimum of f(-).

The proof is given in Supplementary Material B.2. Unlike
the theory in (Hvarfner et al. 2022), the convergence property
of equation (9) does not need a decaying factor to force ex-
ponentially decreasing of the priors of promising LF regions.
Based on the dynamic update of @p,.,(x), it is sufficient to
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capture the promising regions in the HF landscape according
to the overlap.

For bandit-based method, we study the

Lamda+PriorBand in the theoretical routine of Hy-
perband. The algorithm involves two loops. In the
outer loop, at the k-th round, the algorithm allocates
By s = 2% + poly (k) budgets and ng,s = 2° configurations
randomly sampled from @p,.(x), for s = 0,1,..., Smax.
subject t0 Spax + 1085(Smax) < k, where poly(k) is
some polynomial function w.r.t k. In the inner loop, the
successive halving algorithm is leveraged to find the best
arm among the ny, ; arms with By, ; budget. In the context
of multi-arm bandits, each configuration x* corresponds
to an independent arm to pull, whose reward with the
j-th pull is denoted by ; ; = f;(x*). We assume there
exists limg o0 lj 5 = v; for all x* € X, and denote
v, = inf,cx v;. Denote also that the distribution of v as
F satisfying P(v — v < €) = F (v, + €) for any e. The
inverse function is defined by F~1(y) = inf{z : F(x) < y}.
In addition, there exists a monotonically decreasing function
~(t) : N — R satisfying sup; |l;+ — v;| < y(t).
Theorem 2. For fixed 6 € (0,1). Let Ug be the empirically
best-performing arm output from successive halving of round
kg = logy(B) of the outer loop, and let sg < kp. Then,
there is:

. _1 (log(4k%/9) 2k 1
() (55)

(10)
where  sp  satisfies 2F2 4+ poly(kp) >
AspH(F,~,2°2 2k}, [v)  with  H(F,7,n,0) =
anl S F @)-ve l(t)_”*)dt—k%olog(Q/(S)’y_l (7F I(Z")_”*)
108;2(2/5)

and py,

Since all conﬁgurations for successive halving tasks are
sampled randomly from a probability distribution described
by @pro» the theoretical results, specifically Corollary 3 in
(Li et al. 2017), still hold in this case. Different from Hy-
perband that relied on non-adaptive grid search exhausting
clog,(B) overall budgets with some constant ¢, we sample
configurations and allocate budget through both grid search
and adaptive design based on @y, (x). Theoretically, this
requires the same order of budgets as Hyperband. It will be a
quite interesting question to ask how the fact of overlapping
can help avoiding the grid search of Hyperband, which will
be our future work.

Experiment Setup

We seek to answer the following research questions (RQs)
through our empirical study in the following paragraphs.

* RQI: Whether integrating Lamda into existing HPO al-
gorithms does yield improvements in optimization perfor-
mance.

* RQ2: How HPO algorithms augmented with Lamda per-
form compared to state-of-the-art methods.

* RQ3: Whether the amount of computation in the first
phase and the total computational overhead have signifi-
cant impacts on the performance of Lamda.



Algorithm Original Sampling Strategy

Integrated Strategy

Benefits

Prior-Based  Expert-defined prior p(z)

Uniform sampling the or
sampling using densidy of
good solution over full space

Bandit-Based

Posterior-based acquisition

BO-Based o full space

Replace p(z) with @pro (%)

Replace sampling function
with @pre(x)

Integrate @p,,(x) into
acquisition function:
arg max Ppro(x)AF(x, D)

@ Avoid dependent on domain experts;

@ Adapt to unseen real-life applications.
@ Restrict the sampling focus on the
learned promising regions;

@ Avoid using different fidelity to
exploration and exploitation throughout the
entire search space.

@ Restrict the search space within the
learned promising regions.

Table 1: Integration of Lamda with different categories of HPO methods

* RQO4: Whether variations in parameters within Lamda sig-
nificantly affect its performance.

Benchmark Suites

Our experiments consider 56 problems that cover search
spaces including mixed types and log-scaled hyperparam-
eters. Further, they involve a wide range of downstream
tasks including image classification, language modeling,
tabular data processing, medical applications, and trans-
lation. They are selected from five sources. @ Tabular
benchmarks include » four cases from FCNet (Pfisterer
et al. 2022), each with 6 hyperparameters; » one from
NAS-Bench-301 with 34 hyperparameters (Pfisterer et al.
2022); » three from NAS—-Bench-201, each with 6 hyper-
parameters (Eggensperger et al. 2021); and » eighteen bench-
marks from rpart on decision tree, glmnet on elastic net,
ranger on random forest, and XGBoost (Eggensperger
et al. 2021). @ Surrogate benchmarks include » four
problems from PD1 benchmarks with 4 hyperparame-
ters (Mallik et al. 2023; Wang et al. 2021); » three problems
from JAHSBench (Mallik et al. 2023) with 14 mixed-type
hyperparameters for tuning both the neural networks architec-
ture and training hyperparameters. ® Training two deep neu-
ral networks include LeNet on CIFAR-10, and ResNet-18 on
CIFAR-10 and CIFAR-100 with 5 hyperparameters. @ Two
synthetic Hartmann functions (Mallik et al. 2023) with three
and six variables respectively. ® 20 problems for fine-tuning
pretrained image classification models (Pineda-Arango et al.
2024), each with 69 hyperparameters. We consider varying
levels of overlap between LF and HF promising regions, with
overlap statistics also reported in Table 3 of Supplementary
Material. More details on all benchmarks are available in
Supplementary Material E.

Peer Algorithms

We choose nine peer algorithms as the baselines to vali-
date the effectiveness of proposed approach. They are »
PriorBand (Mallik et al. 2023) and PFNs4BO (Miiller et al.
2023) as prior-based methods; » HyperBand (Li et al. 2017),
BOHB (Falkner, Klein, and Hutter 2018), and Hyper-Tune (Li
et al. 2022b) as bandit-based methods; » MUMBO (Li, Kirby,
and Zhe 2021) and DPL (Kadra et al. 2023) as MFBO meth-
ods; and RS), BO and TuRBO (Eriksson et al. 2019) as other
popular HPO methods. During our experiments, we used the
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default values for these algorithms. For our algorithm, the pa-
rameter settings are as follows: v = 0.1, A = 5, & = 15 and
w = 0.5. Additionally, we allocate a computational budget
of B = 5D high-fidelity resources in the first-phase search,
where D denotes the problem’s dimensionality. Our code for
reproducing the experiments is open-sourced at ! Lamda.

Experimental Results

Effectiveness of Using Lamda in Existing HPO
Algorithms

To answer RQI, we integrate Lamda into five commonly
used optimizers: PriorBand, BOHB, MUMBRO, BO and RS.
For BOHB, MUMBO, BO and RS. 33 tasks from the above
tabular, surrogate and synthetic benchmarks are used. For
PriorBand, the evaluation included eight tasks: four from
the original paper (PD1-LM1B, PD1-WMT, MFH3, and
MFH6) and four additional tasks in FCNet. In addition, good
prior are used at PriorBand for PD1-LM1B, PD1-WMT,
MFH3, and MFH6. The results are presented and analyzed
from the following three dimensions.

Overall performance: The overall performance metrics
highlight the effectiveness of using Lamda. Table 2 sum-
marizes the numbers of win/lose/tie obtained by using the
Wilcoxon signed-rank test, while Figure 2 shows the aver-
age rank over the HPO tasks. The Wilcoxon signed-rank test
results in Table 2 confirm that using Lamda achieves sig-
nificantly better performance than the baseline in more than
half of the tasks, with the remaining tasks yielding results
comparable to the baseline. Specifically, for BOHB, MUMBO,
BO, and RS, the integration of Lamda achieves 24 wins,
19 wins, 17 wins, and 29 wins, respectively. In the case of
PriorBand, Lamda+PriorBand performs comparably
to PriorBand on tasks with prior information but signif-
icantly outperforms it on tasks without prior information,
demonstrating its adaptability and effectiveness in scenar-
ios where prior knowledge is unavailable. Furthermore, the
rank plot in Figure 2 also demonstrates that Lamda con-
sistently improves the performance of all five algorithms.
Overall, Lamda initially shows slower progress due to the
resources required for learning the prior. However, after ap-
proximately 15 HF resources, Lamda-integrated algorithms
quickly achieves top rankings, highlighting the long-term

"https://github.com/fanli525/Lamda



benefits of leveraging prior knowledge. In addition, Lamda-
integrated algorithms achieve better solutions while reducing
query costs by nearly 75%, significantly improving search
efficiency.

Convergence curves: The convergence curves for each prob-
lem provide deeper insights into the benefits of the proposed
framework. Figure 5 to Figure 13 in Supplementary Mate-
rial F.1 shows the performance trajectories of Priorband,
BOHB, MUMBO, BO, and RS under the proposed framework.
The results from the convergence curves reveal that the use
of Lamda leads to faster convergence toward high-quality so-
lutions during the second phase. For Priorband, Figure 5
of Supplementary Material shows that Lamda+Priorband
consistently converges faster than Priorband across all
eight tasks, demonstrating the efficiency of leveraging prior
knowledge. For the other four algorithms, using the prior
accelerates the discovery of effective solutions compared to
the baseline on most of the tasks, as shown in Figure 6 to
Figure 13 in Supplementary Material F.1.

Visualize the learned priors: To evaluate the effective-
ness of Lamda, we analyze the alignment between the
learned priors and the distribution of high-quality solu-
tions at the HF level, and examine how this alignment
influences HF sampling behavior in Phase Two. To ap-
proximate the distribution of good solutions, we gener-
ate 10,000 hyperparameter configurations for each prob-
lem. The top 10% configurations are retained to approx-
imate the distribution of good solutions at high and low
fidelity levels. We illustrate this analysis on two represen-
tative benchmarks: FCNet-Naval-Propulsion, which
exhibits a high degree of fidelity alignment (OVL = 0.901),
and JAHS—-CIFAR-10, which shows a lower overlap (OVL
=0.574).

* For FCNet-Naval-Propulsion, the results are pre-
sented in Figure 3, where each subplot corresponds to a
hyperparameter dimension. This problem exhibits a high
overlap between the PDFs of the top low- and high-fidelity
solutions (as indicated by the red and green curves). The
learned priors, shown in blue, exhibit varying degrees of
alignment with the PDFs of the top HF solutions across
different dimensions. In D1, the alignment is particu-
larly poor (OVL = 0.227). This is likely due to the un-
derlying HF solution density being sharply peaked and
heavy-tailed, which poses challenges for modeling. Con-
sequently, the learned prior in this dimension is nearly
flat and fails to provide meaningful guidance. In con-
trast, D2-D4 show moderate to strong alignment with the
HF distribution (OVL = 0.612,0.804, and 0.792, respec-
tively). These dimensions appear to have more regular
HF landscapes, which are more amenable to modeling.
This suggests that Lamda is capable of learning informa-
tive priors when the underlying structure is smooth. To
assess how this alignment impacts optimization, we ex-
amine the HF sampling behavior in phase two. In D2-D4,
where the learned priors are well-aligned with the HF
distribution, HF samples rapidly concentrate around high-
quality regions from the early stages of the search. This
demonstrates that Lamda can leverage informative pri-
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ors to guide the optimization process and accelerate con-
vergence. In D1, however, the flat prior results in more
dispersed early sampling. Nevertheless, the Bayesian opti-
mization component of Lamda progressively adjusts the
search, gradually shifting samples toward better regions
as more HF evaluations are collected. This adaptive be-
havior highlights the robustness of Lamda: even when
prior information is uninformative or misaligned, it does
not mislead the optimization and instead allows for stable
convergence through iterative refinement.

e For JAHS-CIFAR-10, the results exhibit similar trends
as presented in Figure 4 of Supplementary Material F.1.
The overall overlap between low- and high-fidelity dis-
tributions is relatively low (OVL = 0.574), primarily due
to poor alignment in certain dimensions—most notably
D1. The learned prior tends to resemble a near-uniform
distribution and thus provides little guidance. However, it
does not mislead the optimization process. In contrast, di-
mensions such as D2, D3, and D8 show stronger prior-HF
alignment (OVL > 0.7), allowing HF samples to concen-
trate more efficiently in promising regions.

In summary, across both benchmarks, we observe
that Lamda benefits from strong prior-HF alignment by en-
abling early concentration of HF samples in high-performing
regions, thus accelerating convergence. More importantly,
in dimensions where the alignment is poor, the learned
priors remain non-misleading and are adaptively refined
through the Bayesian optimization process. This demon-
strates that Lamda achieves a favorable balance between
leveraging informative priors when possible and maintaining
robustness when prior information is limited.

Comparison with State-of-the-Art HPO Methods

To answer RQ2, we evaluate the performance of
Lamda framework compared to peer HPO methods across 56
tasks, including 33 tabular and surrogate benchmarks, 3 tasks
on real deep neural networks, and 20 hyperparameter opti-
mization tasks for fine-tuning pretrained image classification
models. For the 33 tabular and surrogate benchmarks, Fig-
ure 4 presents the average ranks of the algorithms. The re-
sults indicate that Lamda+BO and Lamda+MUMBO consis-
tently achieve top positions. The convergence curves in Fig-
ure 17 and Figure 18 of Supplementary Material F.3.1 show
that the two algorithms deliver superior optimization results
with nearly 75% fewer queries. In contrast, Hyperband
and RS exhibit the lowest ranks, likely due to their reliance
on random sampling strategies. The additional 3 tasks on
deep neural networks and 20 tasks on pretrained image
classification models further validate the advantages of our
framework. As detailed in Supplementary Materia F.3.2 and
F.3.3, Lamda consistently improves baseline algorithm per-
formance.

Impact of Computational Budget on Lamda
Performance

To answer RQ3, we investigate the impact of the com-
putational budget (B) on Lamda’s performance by eval-
uating multiple budget settings. We conduct controlled
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Figure 2: Comparing average relative ranks of PriorBand, BOHB, MUMBO, BO and RS under the proposed framework across
33 HPO tasks. The results show that Lamda can boost the performance of all five algorithms
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Figure 3: Prior—solution alignment and its impact on HF sampling in FCNet-Naval-Propulsion. Each subplot shows one
hyperparameter dimension (D1, D2, D3, D4) with learned prior (blue), PDF of top low- and high-fidelity solutions (green, red),
and HF sampling (red points). The overall overlap between the learned prior and the PDF of HF good solutions is moderate (OVL
=0.574). Among the examined dimensions, D1 shows poor alignment with near-uniform prior, giving limited but non-misleading

guidance. D2, D3, and D4 have stronger alignment (OVL > 0.7), enabling more focused HF sampling. Red points darken over
time, indicating early broad search followed by refinement.

Lamda+BOHB Lamda+MUMBO Lamda+BO Lamda+RS Lamda+PriorBand
24/0/9 19/0/14 17/1/15 29/1/3 3/0/5
Table 2: Performance comparison (Win/Lose/Tie) of five algorithms against their baselines over 100 HF evaluations.
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Figure 4: Comparing average relative ranks of peer algorithms across 33 HPO tasks. Lamda+B0 and Lamda+MUMBO consistently
maintain top positions throughout the evaluations.

experiments under the BOHB framework, varying B € algorithm and (2) the quality of the learned priors.
D,4D,8D,10D, 20D across benchmark tasks that exhibit

varying degrees of overlap between high- and low-fidelity
solution distributions. Specifically, we compare four FCNet
tasks—Naval Propulsion, Protein Structure, Slice Localiza-
tion, and Parkinson’s Telemonitoring—with relatively high
alignment (overlap scores OVL € [0.69,0.90]), and three
JAHS tasks—CIFAR-10, Colorectal Histology, and Fashion-
MNIST—with significantly lower alignment (OVL ~ 0.5).
We assess two key aspects: (1) the convergence behavior of

The budget parameter B influences the timing of the tran-
sition to the second phase. As shown in Figure 14 of Sup-
plementary Material F.2, Lamda consistently achieves faster
convergence than the original BOHB across different B val-
ues. As more resources are allocated to the second phase,
the performance advantage of Lamda over BOHB gradually
increases. In addition, selecting a smaller B enables earlier
initiation of the second phase. Therefore, under a constrained
overall computational budget, a smaller B can lead to better
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performance within a shorter time frame. We further ana-
lyze the prior distributions learned during the first phase.
Using FCNet-Naval-Propulsion as an example (as
shown in Figure 15 of Supplementary Material F.2), we ob-
serve that the learned PDFs are closely aligned with the true
low-fidelity distributions across different B settings. Notably,
larger B values yield priors that more accurately capture the
underlying distribution. Similar results are also observed on
JAHS-CIFAR-10, as shown in Figure 16 of Supplementary
Material F.2.

Sensitivity of Lamda to Parameter Settings

To answer RQ4, a comprehensive sensitivity analysis of
Lamda with respect to several hyperparameters, including
v, A, a, and w, is presented in Supplementary Material F.4.
The results indicate that the algorithm’s performance is not
sensitive to those parameters.

Conclusion and Future Works

This paper proposed Lamda, an algorithm-agnostic frame-
work designed as a booster to enhance any baseline HPO
algorithms. The core idea is to divide an HPO task into two
phases. In the first phase, Lamda learns a reliable prior by
exploring the LF landscape under limited computational bud-
gets. In the second phase, the learned prior is used to guide the
HPO process. We provided a theoretical analysis of the regret
bounds when Lamda is applied to BO and HyperBand. Our
experimental results demonstrated that five Lamda instances
significantly enhances the performance of the corresponding
baseline HPO algorithm.

In the future, we plan to extend Lamda by introducing
multiple interconnected LF landscapes. This may increase
the robustness of the learned priors. Lamda also includes pa-
rameters such as the quantile threshold for LF problems and
the overlapping coefficient between low- and high-fidelity
landscapes. We plan to analyze the theoretical underpinnings
of how these parameters affect the convergence rate or re-
gret bound of Lamda-augmented HPO algorithms. Last but
not least, we intend to apply Lamda beyond HPO to other
expensive black-box optimization problems, including com-
putational fluid dynamics optimization (Liu, Koziel, and Ali
2017), material discovery (Khatamsaz et al. 2021), and drug
design (Greenman, Green, and Gémez-Bombarelli 2021).
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