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Abstract
Hyperparameter optimization (HPO) is a crucial step in
achieving strong predictive performance. Yet, the impact of
individual hyperparameters on model generalization is highly
context-dependent, prohibiting a one-size-fits-all solution and
requiring opaque HPO methods to find optimal configura-
tions. However, the black-box nature of most HPO methods
undermines user trust and discourages adoption. To address
this, we propose a game-theoretic explainability framework
for HPO based on Shapley values and interactions. Our ap-
proach provides an additive decomposition of a performance
measure across hyperparameters, enabling local and global
explanations of hyperparameters’ contributions and their in-
teractions. The framework, named HyperSHAP, offers in-
sights into ablation studies, the tunability of learning algo-
rithms, and optimizer behavior across different hyperparam-
eter spaces. We demonstrate HyperSHAP’s capabilities on
various HPO benchmarks to analyze the interaction structure
of the corresponding HPO problems, demonstrating its broad
applicability and actionable insights for improving HPO.

Code — https://github.com/automl/HyperSHAP
Appendix — https://arxiv.org/abs/2502.01276

1 Introduction
Hyperparameter optimization (HPO) is an important step in
the design process of machine learning (ML) applications
to achieve strong performance for a given dataset and per-
formance measure (Snoek et al. 2014; Bischl et al. 2023).
Especially, this is true for deep learning, where hyperparam-
eters describe the architecture and steer the learning behav-
ior (Zimmer, Lindauer, and Hutter 2021). Also, for gener-
ative AI and fine-tuning of foundation models, HPO is key
for achieving the best results (Yin et al. 2021; Tribes et al.
2023; Wang, Liu, and Awadallah 2023).

Hyperparameters affect the generalization performance of
models in varied ways, with some having a more significant
impact on tuning than others (Bergstra and Bengio 2012).
The impact of hyperparameters on performance is highly
context-dependent, varying with the dataset characteristics
(e.g., size, noise level) and the specific performance mea-
sure being optimized (e.g., accuracy, F1) (Bergstra and Ben-
gio 2012; van Rijn and Hutter 2018).
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This complexity makes HPO particularly challenging, re-
quiring opaque HPO methods to find optimal configurations
within large search spaces (Feurer et al. 2015). Yet, even
with an optimized configuration, understanding why it out-
performs others remains difficult due to intricate effects and
interactions among hyperparameters.

Despite their potential, HPO methods remain underused
by domain experts, ML practitioners, and ML researchers
(Lee et al. 2019; Hasebrook et al. 2023; Simon et al. 2023).
This limited adoption is partly due to their rigidity and poor
adaptability to special cases, but also to a lack of inter-
pretability (Wang et al. 2019; Drozdal et al. 2020). The latter
is a key requirement among HPO users (Wang et al. 2019;
Xin et al. 2021; Hasebrook et al. 2023; Sun et al. 2023), and
its absence has even led to a shift to manual tuning in high-
stakes applications (Xin et al. 2021). For ML researchers,
explanations are crucial to understand the contribution of in-
dividual components and retain control over model behavior.
HPO researchers rely on such insights to analyze method
performance and behavior. Prior work on hyperparameter
importance and effects (Hutter, Hoos, and Leyton-Brown
2014; Moosbauer et al. 2021; Segel et al. 2023; Watanabe,
Bansal, and Hutter 2023; Theodorakopoulos, Stahl, and Lin-
dauer 2024) highlights the need to close interpretability gaps
to build trust and foster effective collaboration between HPO
tools and ML practitioners (Lindauer et al. 2024). A comple-
mentary view is offered by tunability (Probst, Boulesteix,
and Bischl 2019), measuring performance gains over de-
faults to guide whether and what to tune. Yet, explanation
methods tailored to tunability remain scarce.

Contribution We formalize HYPERSHAP, a novel post-
hoc HPO-explanation framework:

(1) We propose HYPERSHAP as a collection of 5 explana-
tion games and interpret them using Shapley values and
interactions for specific configurations, hyperparameter
spaces, and optimizers.

(2) We showcase how HYPERSHAP can be employed for
tackling various explanation tasks.

(3) Comparing to fANOVA, we find that HYPERSHAP’s ex-
planations are more actionable to select subsets of hyper-
parameters for tuning.

(4) We provide a publicly available reference implementa-
tion of HYPERSHAP via GitHub.
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Figure 1: Game-theoretic explanations as defined with HYPERSHAP analyze hyperparameter values, hyperparameter spaces,
and optimizers. HYPERSHAP can be used for data-specific explanations or across datasets. Test

2 Related Work
Hyperparameter importance (HPI) has gained significant at-
tention in machine learning due to its crucial role in justify-
ing the need for HPO (Pushak and Hoos 2020, 2022; Schnei-
der et al. 2022), whereas tunability quantifies how much cer-
tain hyperparameters can be tuned for specific tasks (Probst,
Boulesteix, and Bischl 2019). A variety of approaches have
been developed to assess how different hyperparameters af-
fect the performance of resulting models, ranging from sim-
ple (surrogate-based) ablations (Fawcett and Hoos 2016;
Biedenkapp et al. 2017) to sensitivity analyses and eliciting
interactions between hyperparameters based on fANOVA
(Hutter, Hoos, and Leyton-Brown 2014; van Rijn and Hutter
2018; Bahmani et al. 2021; Watanabe, Bansal, and Hutter
2023). In this work, we propose a novel approach to quan-
tifying HPI using Shapley values, with a particular focus
on capturing interactions between hyperparameters through
Shapley interaction indices. We focus on quantifying inter-
actions since prior works (Zimmer, Lindauer, and Hutter
2021; Pushak and Hoos 2022; Novello et al. 2023) noticed
that interaction is occasionally comparably low, which could
serve as a foundation for a new generation of HPO methods
that do not assume interactions to be omnipresent.

Beyond quantifying HPI, to better understand the impact
of hyperparameters and the tuning behavior of hyperparame-
ter optimizers, other approaches have been proposed, such as
algorithm footprints (Smith-Miles and Tan 2012), partial de-
pendence plots for hyperparameter effects (Moosbauer et al.
2021) or deriving symbolic explanations (Segel et al. 2023),
providing an interpretable model for estimating the perfor-
mance of a learner from its hyperparameters.

3 Hyperparameter Optimization
Hyperparameter optimization (HPO) is concerned with the
problem of finding the most suitable hyperparameter con-
figuration of a learner for a given task, typically consisting
of some labeled dataset D and some performance measure
u quantifying the usefulness (Bischl et al. 2023). To put it
formally, let X be an instance space and Y a label space and
suppose x ∈ X are (non-deterministically) associated with
labels y ∈ Y via a joint probability distribution P.

Then, a dataset D = {(x(k), y(k))}Nk=1 ⊂ X × Y is
a sample from that probability distribution. Furthermore, a
predictive performance measure u : Y × P (Y) → R is a
function mapping tuples consisting of a label and a proba-
bility distribution over the label space to the reals. Given a
configuration λ ∈ Λ, a learner parameterized with λ maps
datasets D from the dataset space D to a corresponding hy-
pothesis hλ,D ∈ H := {h | h : X → P (Y)}.

As a configuration λ ∈ Λ typically affects the hypothe-
sis space H and the learning behavior, it needs to be tuned
to the given dataset and performance measure. The task of
HPO is then to find a configuration yielding a hypothe-
sis that generalizes well beyond the data used for training.
For a dataset D ∈ D, the following optimization problem
needs to be solved: λ∗ ∈ argmax

λ∈Λ

∫
(x,y)∼P u

(
y, hλ,D(x)

)
.

As the true generalization performance is intractable, it is
estimated by splitting the given dataset D into training
DT and validation data DV . Accordingly, we obtain λ∗ ∈
argmax

λ∈Λ
VALu(λ, D), with

VALu(λ, D) := E(DT ,DV )∼D

∑
(x,y)∈DV

u
(
y, hλ,DT

(x)
)

|DV |
.

Naı̈vely, HPO can be approached by discretizing the do-
mains of hyperparameters and conducting a grid search or
by a random search (Bergstra and Bengio 2012). More com-
monly, state-of-the-art methods often leverage Bayesian op-
timization and multi-fidelity optimization for higher effi-
ciency and effectiveness (Bischl et al. 2023).

4 Explainable AI and Game Theory
Within the field of eXplainable AI (XAI), cooperative game
theory has been widely applied to assign contributions to
entities, such as features or data points for a given task
(Rozemberczki et al. 2022). Most prominently, it is used to
interpret predictions of black-box models using feature at-
tributions (Lundberg and Lee 2017) and the Shapley Value
(SV) (Shapley 1953). Shapley Interactions (SIs) (Grabisch
and Roubens 1999) extend the SV by additionally assigning
contributions to groups of entities, which reveal synergies
and redundancies.
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Such feature interactions reveal additive structures essen-
tial for understanding complex predictions (Sundararajan,
Dhamdhere, and Agarwal 2020). Explanations consist of
two components (Fumagalli et al. 2024): (1) an explanation
game ν : 2N → R, a set function over feature subsets of
the n features of interest indexed by N = {1, . . . , n} that
evaluates properties such as prediction or performance; (2)
interpretable main and interaction effects derived from the
SV and SIs. Analogously, the next section defines explana-
tion games over hyperparameter ablations in VALu , using
the SV and SIs to quantify tunability.

Explanation Games via Feature Imputations. Given the
prediction of a black box model f : Rn → R and an instance
x ∈ Rn, baseline imputation with b ∈ Rn for a coalition
S ⊆ N is given by ⊕S : Rn × Rn → Rn as

ν(b)x (S) := f(x⊕S b) with x⊕S b :=

{
xi, if i ∈ S ,

bi, if i /∈ S .

Baseline imputation is highly sensitive to the chosen
baseline (Sturmfels, Lundberg, and Lee 2020). Marginal
and conditional imputation extend this by averaging over
randomized baselines (Sundararajan and Najmi 2020):
ν
(p)
x (S) := Eb∼p(b)[f(x⊕Sb)], where p(b) is the marginal

or conditional feature distribution. The imputed predictions
define local games for explaining individual predictions,
while global games capture aggregate properties, e.g., vari-
ance or performance. As such, explanations increasingly re-
flect the underlying distribution p (Fumagalli et al. 2024).

Shapley Value (SV) and Shapley Interaction (SI). An
explanation game is additively decomposed by the Möbius
Interactions (MIs) m : 2N → R (Muschalik et al. 2024), i.e.
the Möbius transform (Rota 1964), for T ⊆ N as

ν(T ) =
∑
S⊆T

m(S) with m(S) :=
∑
L⊆S

(−1)|S|−|L|ν(L) .

The MIs capture pure main and interaction effects but con-
tain 2n non-trivial components, too many for practical inter-
pretation in ML applications (Muschalik et al. 2024). To re-
duce this complexity, the SV and SIs summarize the MIs into
interpretable effects. The SV assigns contributions to indi-
viduals, is uniquely characterized, and satisfies four axioms:
linearity, symmetry, dummy, and efficiency. The SV summa-
rizes the MIs distributing each MI among the involved play-
ers via ϕSV(i) =

∑
S⊆N :i∈S

1
|S|m(S) for all i ∈ N . Yet,

the SV does not uncover interactions. Given an explanation
order k ∈ {1, . . . , n}, the SIs Φk extend the SV to assign
contributions to subsets of players up to size k. For k = 1
the SIs yield the SV and the MIs for k = n. Various forms
of SIs exist, where positive values indicate synergy and neg-
ative values signal redundancy among the involved features.
For instance, the Faithful Shapley Interaction Index (FSII)
(Tsai, Yeh, and Ravikumar 2023) defines the best k-additive
approximation ν̂k(S) :=

∑
L⊆S:|L|≤k Φk(L) weighted by

the Shapley kernel, enabling quantification of interaction
strength. SIs thus offer a flexible trade-off between expres-
sivity and complexity, a framework we now adapt to HPO.

5 Explaining Hyperparameter Optimization
Explanations in HPO are needed at multiple levels, from in-
dividual configurations to qualitative comparisons of HPO
tools. Here, we consider four areas, dubbed Ablation, Sensi-
tivity, Tunability, and Optimizer Bias. We begin with Abla-
tion as the foundation of HYPERSHAP, extend it to Sen-
sitivity (showing links to fANOVA by Hutter, Hoos, and
Leyton-Brown (2014)), and compare it theoretically to Tun-
ability. Tunability then serves to uncover Optimizer Bias.
We conclude with practical considerations of HYPERSHAP.
Let N denote the set of hyperparameters; we quantify main
and interaction effects based on the SV and SIs of the expla-
nation games. Proofs are deferred to the appendix.

5.1 Ablation of Hyperparameter Configurations
One common approach to explaining HPO results is to com-
pare a configuration of interest, λ∗, to a reference configu-
ration λ0, typically a library default or a tuned default that
has performed well on prior tasks. The configuration λ∗ may
stem from HPO or be manually selected. The key question
is how changes in λ∗ impact performance relative to λ0. To
investigate this, we can incrementally modify λ0 by replac-
ing its hyperparameter values with those from λ∗, one at a
time; a process known as ablation, widely used in empirical
ML research (Cohen and Howe 1988; Rendsburg, Heidrich,
and von Luxburg 2020; Herrmann et al. 2024).

HPO-ablation studies were proposed by Fawcett and
Hoos (2016) but limited to sequential single-hyperparameter
ablation paths, ignoring interactions. Instead, we form an ex-
planation game for ablation using all possible subsets, which
allows us to capture interactions.
Definition 1 (Ablation Game). The Ablation explanation
game νGA

: 2N → R is defined as a tuple GA :=
(λ0,λ∗, D, u), consisting of a baseline (default) configura-
tion λ0, a target configuration λ∗, a dataset D, and a mea-
sure u. Given a coalition S ⊆ N , we construct an interme-
diate configuration with ⊕S : Λ×Λ → Λ as

λ∗ ⊕S λ0 :=

{
λ∗
i , if i ∈ S,

λ0
i , else,

and evaluate its value via νGA
(S) := VALu(λ

∗⊕S λ0, D) .

The Ablation game quantifies the worth of a coalition
based on the comparison with a baseline configuration λ0.
In XAI terminology, this approach is known as baseline im-
putation. Natural extensions of the Ablation game capture
these ablations with respect to a distribution λ0 ∼ p0(λ0)
over configuration space Λ as Eλ0∼p0(λ0)[VALu(λ

∗ ⊕S

λ0, D)], which relates to the marginal performance (Hut-
ter, Hoos, and Leyton-Brown 2014). In XAI terminology, it
is further distinguished between distributions p(λ0) that ei-
ther depend (conditional) or do not depend (marginal) on the
target configuration λ∗. Baseline imputation is often chosen
for efficiency and is also argued to have desirable properties
(Sundararajan and Najmi 2020). Still, the choice of base-
line strongly influences the explanation (Sturmfels, Lund-
berg, and Lee 2020). We typically use a default configura-
tion (Anastacio and Hoos 2020) here, though our methodol-
ogy readily extends to probabilistic baselines.
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5.2 Sensitivity and Tunability of Learners
Zooming out from a specific configuration, we can ask to
what extent it is worthwhile to tune hyperparameters. In the
literature, this question has been connected to the term of
tunability (Probst, Boulesteix, and Bischl 2019). Tunability
aims to quantify how much performance improvements can
be obtained by tuning a learner, comparing against a baseline
configuration, e.g., a configuration that is known to work
well across various datasets (Pushak and Hoos 2020). In this
context, we are interested in the importance of tuning spe-
cific hyperparameters. A classical tool to quantify variable
importance is sensitivity analysis (Owen 2013), measuring
the variance induced by the variables and decomposing their
contributions into main and interaction effects.

Definition 2 (Sensitivity Game). The Sensitivity game
νGV

: 2N → R is defined as a tuple GV :=
(λ0,Λ, p∗, D, u), consisting of a baseline configuration λ0,
a configuration space of interest Λ equipped with a probabil-
ity distribution p∗, a dataset D, and a performance measure
u. The value function is given by

νGV
(S) := Vλ∼p∗(λ)[VALu(λ⊕S λ0, D)] .

A large value of a coalition S ⊆ N in the Sensitivity
game indicates that these hyperparameters are important to
be set to the right value. Hutter, Hoos, and Leyton-Brown
(2014) implicitly rely on the Sensitivity game and compute
the fANOVA decomposition, quantifying pure main and in-
teraction effects. In game theory, this corresponds to the MIs
of the Sensitivity game, which can be summarized using the
SV and SIs (Fumagalli et al. 2024).

While sensitivity analysis is a suitable tool in XAI,
it has some drawbacks for measuring tunability (Probst,
Boulesteix, and Bischl 2019). First, as illustrated below, the
total variance being decomposed νGV

(N ) highly depends
on the chosen probability distribution p∗ and the configura-
tion space Λ. Moreover, it does not reflect the performance
increase expected when tuning all hyperparameters, but vari-
ations (in any direction). Second, for a coalition of hyperpa-
rameters S ⊆ N , we expect that the coalition’s worth (per-
formance) increases when tuning additional hyperparame-
ters, i.e., ν(S) ≤ ν(T ), if S ⊆ T . This property is known as
monotonicity (Fujimoto, Kojadinovic, and Marichal 2006),
but does not hold in general for the Sensitivity game νGV

.
For a simple example, we refer to the appendix. Based on
Probst, Boulesteix, and Bischl (2019), we define an expla-
nation game for tunability that exhibits monotonicity:

Definition 3 (Tunability Game). The Tunability game is
defined by a tuple GT = (λ0,Λ, D, u), consisting of a
baseline configuration λ0 ∈ Λ, a configuration space Λ,
a dataset D, and a measure u. The value function is given by

νGT
(S) := max

λ∈Λ
VALu(λ⊕S λ0, D) .

The Tunability game directly measures the performance
obtained from tuning the hyperparameters of a coalition S
while leaving the remaining hyperparameters at the default
value λ0. The Tunability game is monotone, which yields
the following proposition.

Game Sensitivity Tunability
λ0 (0, 0) λ∗ (0, 0) λ∗

Sc
or

e λ1 1/4 1/4 1 0
λ2

m
(m+1)2

m
(m+1)2 1 0

λ1 × λ2 0 0 0 0

Table 1: Importance scores for a 2D HPO problem under
the Sensitivity and Tunability games, with baseline set to
(0, 0) and optimum λ∗. Sensitivity assigns lower scores to
hyperparameters with larger domains (λ2). Setting λ0 = λ∗

reduces the Tunability scores to 0; Sensitivity is unaffected.

Proposition 1. The Tunability game yields non-negative
SVs and non-negative pure individual (main) effects ob-
tained from functional ANOVA via the MIs.

While the main effects obtained from the Tunability game
are non-negative, interactions can still be negative, indicat-
ing redundancies of the involved hyperparameters.

Comparing Tunability vs. Sensitivity. We now showcase
the different results of the Tunability game vs. the Sensitiv-
ity game using an educational example. We consider a two-
dimensional configuration space Λ := Λ1×Λ2 with discrete
configurations Λ1 := {0, 1} and Λ2 := {0, . . . ,m} for m >
1. The optimal configuration is defined as λ∗ := (1,m), and
the performance is quantified by VALu(λ, D) := 1λ1=λ∗

1
+

1λ2=λ∗
2
, where 1 is the indicator function. That is, we ob-

serve an increase of performance of 1 for each of the hyper-
parameters set to the optimal configuration λ∗. Lastly, we
set the configuration baseline to λ0 := (0, 0) or λ0 := λ∗.
Intuitively, we expect that both hyperparameters obtain sim-
ilar importance scores, since they both contribute equally to
the optimal performance VALu(λ

∗, D) = 2. Moreover, if
the baseline is set to the optimal configuration λ∗, we ex-
pect the score to reflect that there is no benefit of tuning.
Since the hyperparameters affect the performance indepen-
dently, we do not expect any interactions.

The HPI scores of the Sensitivity and Tunability game for
the example are given by Table 1. Both approaches, Sensi-
tivity and Tunability, correctly quantify the absence of in-
teraction λ1 × λ2. As opposed to the Tunability game, the
Sensitivity game assigns smaller scores to the hyperparam-
eter λ2 due to the larger domain Λ2. In fact, the Sensitivity
score of λ2 roughly decreases with order m−1. Moreover,
the Tunability scores reflect the performance increase and,
as expected, distribute the difference between the optimal
and the baseline performance properly among the hyperpa-
rameters. In contrast, the Sensitivity scores decompose the
overall variance, which depends on Λ and p∗. Lastly, set-
ting the baseline configuration λ0 to λ∗ decreases the Tun-
ability scores to zero, whereas the Sensitivity scores remain
unaffected. In summary, Sensitivity reflects the variability
in performance when changing the hyperparameter values,
whereas Tunability reflects the benefit of tuning hyperpa-
rameters over the baseline.
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5.3 Optimizer Bias
The Tunability game aims to explain the importance of hy-
perparameters being tuned, which can also be used to gain
insights into the capabilities of a hyperparameter optimizer.
In particular, by comparing the optimal performance with
the empirical performance of a single optimizer, we can un-
cover biases and pinpoint specific hyperparameters that the
optimizer of interest fails to exploit. We define a hyperpa-
rameter optimizer as a function O : D× 2Λ → Λ, mapping
from the space of datasets and a configuration space to a
specific configuration.
Definition 4 (Optimizer Bias Game). The Optimizer Bias
HPI game is defined as a tuple GO = (Λ,λ0,O, D, u), con-
sisting of a configuration space Λ, a baseline λ0, the hyper-
parameter optimizer of interest O, a dataset D and a measure
u. For S ⊆ N , we define ΛS := {λ⊕S λ0 : λ ∈ Λ} and

νG0(S) := VALu

(
O(D,ΛS), D

)
− νGT

(S) .

Intuitively, the value function captures how much perfor-
mance is lost relative to the best known configuration. In
other words, with the help of Definition 4, we can pinpoint
where the hyperparameter optimizer O falls short, revealing,
for example, whether it struggles to optimize certain hyper-
parameters or types thereof. The analysis can be conducted
via inexpensive surrogate-based HPO benchmarks.

5.4 Practical Aspects of HYPERSHAP
This section addresses practical aspects of HYPERSHAP to
efficiently approximate the proposed games and generalize
them to multiple datasets.

Efficient Approximation. Naı̈vely, to evaluate a single
coalition in Definition 3 of the Tunability game, we need
to conduct one HPO run. While this can be costly, we argue
that using surrogate models that are, e.g., obtained through
Bayesian optimization, can be used to calculate the max-
imum efficiently. Surrogate models are commonly used in
explainability methods for HPO, including fANOVA and re-
lated approaches (Hutter, Hoos, and Leyton-Brown 2014;
Biedenkapp et al. 2017; Moosbauer et al. 2021; Segel et al.
2023). For HYPERSHAP, we can bound the approximation
error for the explanations as follows:
Theorem 1. For a surrogate model with approximation er-
ror ϵ, the approximation error of Shapley values and inter-
actions in HYPERSHAP is bounded by 2ϵ.

Optimizer Bias Analysis To analyze Optimizer Bias, we
propose to approximate νGT

using a diverse ensemble of op-
timizers O := {Oi}, and choose the best result for ΛS ob-
tained through any optimizer from O, forming a virtual op-
timizer, always returning the best-known value. This virtual
best hyperparameter optimizer approximates

νGT
(S) ≈ max

λi=Oi(D,ΛS)
VALu(λ

i, D) .

Worst Case Analysis. In order to identify hyperparame-
ters that should not be mistuned, we can conduct a worst-
case analysis with HYPERSHAP by replacing the max by a
min operator in Definition 3.

Game Extensions Across Multiple Datasets. In a more
general setting, we are interested in explanations across mul-
tiple datasets, for which we can extend the previous games
naturally as follows:
Definition 5 (Multi-Dataset Games). Given a collection of
datasets D := {D1, . . . , DM}, the corresponding games
νDi

G for 1 ≤ i ≤ M with G ∈ {GA, GV , GT , GO},
we define its multi-dataset variant with the value function
νDG (S) :=

⊕M
i=1 ν

Di

G (S), where
⊕

denotes an aggregation
operator, e.g., the mean or a quantile of the game values ob-
tained for the datasets Di.

Considering explanations across datasets enables a
broader view of the impact of how individual hyperparame-
ters and their interactions affect generalization performance.
Aggregating coalition values reveals which hyperparameters
are generally worth tuning, rather than just data-specific im-
portance, justifying tuning recommendations or uncovering
systematic optimizer biases beyond data-specific effects.

6 Experiments
We evaluate the applicability of HYPERSHAP across vari-
ous explanation tasks and benchmarks. To this end, we rely
on four HPO benchmarks: lcbench (Zimmer, Lindauer,
and Hutter 2021), rbv2 ranger (Pfisterer et al. 2022),
PD1 (Wang et al. 2024), and JAHS-Bench-201 (Bansal
et al. 2022). The implementation is based on shapiq
(Muschalik et al. 2024) and (will be) publicly available on
GitHub1. We provide details regarding the setup, interpret-
ing plots, and more results in the appendix. Generally, posi-
tive interactions are colored in red and negative in blue.

6.1 Insights from Ablation and Tunability
First, we compare the results of the Ablation and the Tun-
ability game in terms of hyperparameter importance and in-
teractions (cf. Figure 3). We retrieve an optimized config-
uration of PD1’s lm1b transformer scenario and ex-
plain it with the Ablation game. HYPERSHAP’s explana-
tion shows that the majority of the performance increase is
attributed to the initial learning rate (L-I), which is not sur-
prising since it is also intuitively the most important one.
However, using HYPERSHAP to create Tunability explana-
tions reveals that both hyperparameters, L-I and optimizer
momentum (O-M), are of equal importance with a negative
interaction. Thus, the optimizer chose to tune L-I over O-M
for the configuration in question, even though a similar per-
formance improvement could have been achieved by tuning
O-M instead. Hence, HYPERSHAP can reveal which hy-
perparameters were subject to optimization via the Ablation
game, while the Tunability game emphasizes the potential
contributions of hyperparameters and their interactions.

6.2 Higher-Order Interactions in HPO
Second, we investigate the interaction structure of HPO
problems for individual and across datasets. In Figure 2, left
(MI), and further in the appendix, we observe the presence of
many higher-order interactions, which are difficult to inter-
pret. The SIs (order 2) and SV in HYPERSHAP summarize
the MI into interpretable explanations.
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Figure 2: Left: Interaction graphs showing Möbius interactions (MI), second-order Shapley interactions (SI), and Shapley
values (SV) where MIs terms are aggregated for interoperability. Right: Faithfulness of lower-order explanations approximating
higher-order effects (Muschalik et al. 2024). An explanation order of 3 already approximates the full game (R2 ≈ 1) well.

Figure 3: Upset plots for Ablation (left) and Tunability
(right) of lm1b transformer (Wang et al. 2024).

a) Individual Tuning b) W-D not Tuned

Figure 4: Interaction graphs showing results for the Opti-
mizer Bias game via Moebius interactions (MI) and Shapley
interactions (SI) on dataset ID 3945 of lcbench.

Figure 2, right, shows that SIs still faithfully capture the
overall game behavior, which we measure with a Shapley-
weighted loss (Muschalik et al. 2024) and varying explana-
tion order. We find that most of the explanatory power is cap-
tured by interactions up to the third order, confirming prior
research that suggests hyperparameter interactions are typ-
ically of lower order (Pushak and Hoos 2020). Interactions
beyond the third order contribute little to the overall under-
standing of the game. Thanks to the convenient properties
of the SV and SIs, HYPERSHAP provides a reliable way to
capture and fairly summarize higher-order interactions into
more interpretable explanations.

6.3 Detecting Optimizer Bias
The third experiment uses the Optimizer Bias game to in-
vestigate biases in black-box hyperparameter optimizers. To
this end, we create two artificially biased hyperparameter
optimizers. The first optimizer tunes each hyperparameter
separately, ignoring interactions between them, while the
second is not allowed to tune the most important hyperpa-
rameter. The virtual best hyperparameter optimizer is an en-
semble of the investigated optimizer and five random search
optimizers with a budget of 10,000 samples each. Ideally, a
perfect optimizer would show no interactions and no main
effects in HYPERSHAP’s Optimizer Bias explanations as
the differences for every coalition would be 0.

Fig. 4 shows the Optimizer Bias explanations, i.e., the dif-
ference between two Tunability games, using the optimizer’s
returned value and the (approximated) maximum, respec-
tively. Note that main effects in the Optimizer Bias game can
only be negative and show the optimizer’s inability to prop-
erly tune certain hyperparameters. In Fig. 4a, small main ef-
fects, in turn, suggest that the optimizer can effectively tune
hyperparameters individually. The presence of both negative
and positive interactions, which result from missing out on
positive and negative interactions, respectively, shows that
it fails to capture interactions. This confirms that the opti-
mizer, which tunes hyperparameters independently, fails to
capture their joint synergies. On the other hand, the second
optimizer, ignoring the weight decay (W-D) hyperparameter
for this particular dataset, clearly demonstrates bias in the in-
teraction graph in Fig. 4b. The blue main effect for W-D and
interactions involving W-D reveal this bias, showing how
HYPERSHAP can help identify such flaws and contribute to
the development of more effective HPO methods.

6.4 Explaining Bayesian Optimization
Inspired by Rodemann et al. (2024), we use HYPERSHAP
to explain SMAC (Lindauer et al. 2022) – a state-of-the-art
hyperparameter optimizer based on Bayesian optimization –
by analyzing its surrogate model throughout the optimiza-
tion process. We run SMAC with a total budget of 6 000
evaluations and inspect the surrogate model at 1%, 5%, 25%,
and 100% of the budget. As shown in Fig. 5, we observe how
the model’s belief about the main effects of and interactions
between hyperparameters evolves over time.
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Figure 5: Explaining the surrogate model in SMAC’s Bayesian optimization with MIs at 1%, 5%, 25%, and 100% of the budget.
Over time, SMAC notices first the importance of N-L and later B-S.

Figure 6: Anytime performance plots of HPO runs involving
only the top-2 important hyperparameters for two datasets of
lcbench (Zimmer, Lindauer, and Hutter 2021).

Early in the process, the surrogate model exhibits numer-
ous large higher-order interactions, reflecting high uncer-
tainty and a broad range of plausible interactions. Despite
this, it already identifies N-L as an important hyperparame-
ter. As optimization progresses, the model’s uncertainty de-
creases, leading to lower interaction values. By 25% of the
budget, the optimizer uncovers B-S as another important hy-
perparameter, and the surrogate model briefly broadens its
hypothesis about the performance landscape, resulting in in-
creased interaction values. Eventually, as SMAC converges,
the model refines its understanding of the performance land-
scape and interactions that are considered plausible are re-
duced. This analysis illustrates how HYPERSHAP can pro-
vide insights into the evolving dynamics of HPO processes.

6.5 Comparison with fANOVA
Lastly, considering the experimental setting proposed with
fANOVA by Hutter, Hoos, and Leyton-Brown (2014), we
compare HYPERSHAP and fANOVA on the task of se-
lecting a subset of important hyperparameters to tune. To
this end, for a given HPO task, we run fANOVA and
HYPERSHAP using the SV with the Tunability and Sen-
sitivity game to obtain explanations of order 1. Selecting the
two most important hyperparameters, we conduct a subse-
quent HPO run optimizing only these two hyperparameters.
As Tunability quantifies performance gains, we expect those
explanations to be more suitable than explanations from
Sensitivity, quantifying performance variance when tuning
hyperparameters. Also, general hyperparameter importance,
as in fANOVA, could yield less actionable explanations.

The results in Fig. 6 confirm that the anytime performance
of the runs informed by HYPERSHAP is superior to that in-
formed by fANOVA, and that Tunability outperforms Sensi-
tivity here. For this specific task, the explanations from the
Tunability game are more suitable.

6.6 Runtime Analysis
We found HYPERSHAP to be efficient across all evalu-
ated settings. An Ablation game took 5s to 2m, while Tun-
ability ranged from 6m to 15m for 7 and 4 hyperparame-
ters, respectively, showing high dependency on the surro-
gate’s efficiency, and up to 8.5h for 10 hyperparameters on
the JAHS-Bench-201 benchmark. As all coalition eval-
uations are independent, the method is highly paralleliz-
able, enabling substantial wall-clock reductions. Overall,
this adds modest overhead to typical multi-hour HPO runs.

7 Conclusion
In this paper, we proposed HYPERSHAP, a post-hoc ex-
planation framework for consistently and uniformly ex-
plaining hyperparameter optimization using the SV and
SIs across three levels: hyperparameter values, sensitivity
and tunability of learners, and optimizer capabilities. Un-
like previous methods that quantify variance (Hutter, Hoos,
and Leyton-Brown 2014; Watanabe, Bansal, and Hutter
2023), HYPERSHAP attributes performance contributions.
We demonstrated that HYPERSHAP not only enhances un-
derstanding of the impact of hyperparameter values or tun-
ability of learners but also provides actionable insights for
optimizing hyperparameters on related tasks.

Limitations & Future Work The computational bottle-
neck is the approximation of the max over λ ∈ Λ via simu-
lated HPO, requiring research on more efficient yet unbiased
methods, e.g., via Bayesian algorithm execution (Moos-
bauer et al. 2022). Furthermore, extensions of HYPERSHAP
to the analysis of optimizing machine learning pipelines are
important future work (Heffetz et al. 2020; Feurer et al.
2022; Wever et al. 2020, 2021). Additionally, we plan to
develop HPO methods that use tunability and hyperparam-
eter importance to learn across datasets for improving their
efficiency. This may allow warm-starting HPO in an inter-
pretable way, complementing recent work on prior-guided
HPO (Hvarfner, Hutter, and Nardi 2024; Fehring et al. 2025)
and human-centered automated machine learning (Lindauer
et al. 2024).
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