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1. Introduction

Driven by increasing expectations for customized products,
manufacturers are often operating in high-mix, low-volume
(HMLV) settings characterized by many product variants, small
batch sizes, and frequent design changes [7]. These demands
require greater manufacturing flexibility and have catalyzed
progress on two complementary fronts. In terms of production
processes, digitally controlled and quickly reconfigurable tech-
niques, like additive manufacturing [7], reduce changeover ef-
forts and broaden the possible design space by allowing swift,
mostly tool-free production. On the optimization side, data-
efficient methods such as Bayesian optimization (BO) accel-
erate machine and process parameter optimization by mod-
eling expensive black-box responses and identifying high-

performing settings with few experiments [15]. Within the field
of BO for machine and process parameter optimization, several
decisive factors dominate the procedure’s efficiency: Firstly,
the initial Design of Experiments (DoE) is crucial [9], as the
priors significantly influence the acquisition function, typically
guiding in-depth exploration in specific domains of the design
space. The surrogate model then plays the central role, as it ap-
proximates the real-world process and serves as the basis for the
acquisition strategy. Traditionally, Gaussian Processes (GPs)
are used for this purpose, as they inherently provide an uncer-
tainty estimate in the form of predictive variance [22]. How-
ever, increasingly, ensemble-based methods, such as Random
Forests (RFs), are also gaining traction, offering advantages in
handling high-dimensional or categorical data and robustness to
irrelevant features, where uncertainty can be estimated via the
variance of predictions across the ensemble’s tree [15]. In con-
trast, other high-performance regression models, such as XG-
Boost, are not suitable for classic BO because their underly-
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High-mix, low-volume (HMLV) manufacturing relies on expensive physical experiments to optimize machine and process parameters, making
sample-efficient optimization strategies essential. Bayesian optimization (BO) addresses this need by combining a probabilistic surrogate model
with an acquisition function to identify promising settings under strict evaluation budgets. While Gaussian Processes (GPs) and Random Forests
(RFs) are widely used as surrogates, recent tabular foundation models such as TabPFN offer a new alternative by providing fast, probabilistic
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data sets from materials and process engineering. We emulate costly experimentation by reporting checkpoint-wise best-so-far performance up to
100 evaluations, reflecting typical evaluation budgets in HMLV settings. We compare methods using improvement-over-random (IoR), normalized
area under the IoR curve, and the evaluation budget required to close 90% of the random-to-optimum gap. The results show that GP achieves the
highest median IoR-AUC, whereas TabPFN attains the best average rank across data sets and the lowest median N@90, and dominates the dense
rank statistics for budgets N ≥ 35. RF and random search are consistently non-competitive. Overall, the study demonstrates that TabPFN is a
viable and often advantageous surrogate for BO in HMLV-style experimental optimization, particularly in the low-budget regime.
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ing boosting mechanism does not allow for a sound estimation
of the predictive uncertainty required for the acquisition strat-
egy. Recently, a promising foundation model for tabular data,
TabPFN, was introduced [11]. TabPFN utilizes a transformer-
based architecture and demonstrates performance that often
outperforms conventional state-of-the-art methods, particularly
in low-dimensional scenarios with very limited sample sizes.
A decisive advantage of TabPFN for BO is its ability to gen-
erate a full probability distribution for each predicted value.
With TabPFN, there is now a model that has both state of the
art performance and provides well motivated uncertainty esti-
mates, making it an ideal candidate for use as a surrogate model.
Therefore, the objective of this study is to systematically inves-
tigate the suitability of TabPFN as a surrogate model for the BO
of process and machine parameters. The focus is explicitly on
low-dimensional problems with strictly limited data budgets, as
is typical in the HMLV context. This study examines the effec-
tiveness of TabPFN as a viable surrogate for BO in comparison
with conventional techniques such as GPs and RFs.

2. Theoretical Foundation and Related Works

2.1. Bayesian Optimization

Optimization of industrial processes often involves objective
functions that are expensive, noisy, and non-convex. Evalua-
tions may require time-consuming physical experiments, high-
fidelity simulations, or costly production trials. In such set-
tings, direct gradient-based optimization or exhaustive param-
eter sweeps are infeasible. BO is a widely adopted framework
for optimizing such black-box functions while minimizing the
number of evaluations [6]. BO starts by constructing a prob-
abilistic surrogate model that approximates the underlying ob-
jective function. This surrogate provides both a mean prediction
and an estimate of the predictive uncertainty. Then, an acquisi-
tion function, such as Expected Improvement (EI), Probability
of Improvement (PI), or Upper Confidence Bound (UCB), uses
these quantities to determine the next candidate point to evalu-
ate. Each iteration therefore balances exploration, by sampling
where uncertainty is high, and exploitation, by refining regions
predicted to yield good performance. This iterative and data-
efficient procedure is particularly well suited for industrial opti-
mization tasks where only a limited number of experiments can
be performed [9].

Applications of BO in engineering include materials discov-
ery [15], chemical process design [16], aerodynamic shape op-
timization [20], machine parameter optimization [9], and hy-
perparameter tuning of control systems [5]. The efficiency of
BO critically depends on the choice and quality of the surro-
gate model.

2.2. Surrogate Models

Surrogate models in BO must meet specific requirements:
they must be sample-efficient, which means that they can learn
from very few data points, and they must provide a well-

calibrated quantification of predictive uncertainty. The need for
an uncertainty estimate significantly restricts the number of
available models. The following section introduces the most
commonly used surrogates.

2.2.1. Gaussian Processes
GPs are the traditional surrogate model in BO [6]. A GP de-

fines a distribution over functions, fully characterized by a mean
function and a covariance kernel. Conditioning this prior on
observed data yields closed-form posterior predictive distribu-
tions, providing both a mean prediction and a principled uncer-
tainty measure. GPs perform well for smooth, low-dimensional
functions with continuous inputs. However, they suffer from
several practical limitations. The computational cost of GP in-
ference scales cubically with the number of observations, limit-
ing their applicability when more than a few thousand samples
are available. Moreover, GPs rely on stationary kernel assump-
tions that may poorly capture non-stationary or discontinuous
industrial processes [21].

2.2.2. Random Forests
RFs offer a good alternative, particularly when data is het-

erogeneous or high-dimensional. They are ensembles of de-
cision trees that approximate the target function by averaging
over randomly constructed sub-models. RFs scale linearly with
data size and handle categorical and mixed data types natively,
making them attractive for industrial applications involving di-
verse sensor readings or process parameters [1]. In the context
of BO, RFs have been employed in algorithms such as SMAC,
which have proven competitive on many real-world problems
[13]. The primary limitation of RFs is their uncertainty esti-
mate. Typically, uncertainty is approximated by the variance of
predictions across individual trees. While simple, this heuristic
can produce under-calibrated uncertainties, occasionally lead-
ing to overly exploitative acquisition behavior [24]. Addition-
ally, RFs are often beaten by Boosting models in terms of pre-
dictive accuracy [19].

2.2.3. Bayesian Neural Networks
Bayesian Neural Networks (BNNs) extend Neural Networks

(NNs) by placing probability distributions over their weights to
model predictive uncertainty [14]. In principle, they offer flexi-
ble, uncertainty-aware surrogates for Bayesian Optimization. In
practice, however, conventional NNs perform poorly on tabular
data, especially in small, noisy datasets typical of industrial pro-
cesses. They require extensive tuning and large datasets [10].
The strong performance of neural networks in other domains
has motivated the development of specialized architectures and
training regimes for tabular data, leading to the emergence of
tabular foundation models such as TabPFN.

2.3. TabPFN

TabPFN (Tabular Prior-Data Fitted Network) is a recently
proposed paradigm for learning on tabular data that leverages
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the concept of PFNs, neural networks trained offline to ap-
proximate Bayesian inference for a specified synthetic data-
generating prior. Instead of fitting model parameters to a new
dataset during inference, a PFN performs in-context learning:
it receives the training samples of a new task directly as part
of the input sequence and outputs posterior predictive distri-
butions for the query points in a single forward pass. This de-
sign makes learning at inference time computationally fast and
shifts modeling to the offline pretraining stage [18]. TabPFN
extends the PFN framework with a Transformer-based archi-
tecture specifically tailored for small tabular datasets [12]. The
model is trained on 9216000 synthetic datasets drawn from a
mixture of structural causal model and BNN priors, each having
a fixed number of 1024 data points. These priors encode distri-
butions over possible causal structures, feature dependencies,
nonlinear interactions, and noise processes, thereby defining a
broad hypothesis space against which the PFN learns to approx-
imate the corresponding posterior predictive distribution. Af-
ter this offline prior-fitting phase, TabPFN can be used on real
datasets without further gradient-based training. Given a set of
observed samples, the model treats each (x,y)-pair as a token
and predicts class probabilities for new feature vectors via at-
tention over the provided training instances. Because the model
directly models a full probabilistic predictive distribution rather
than point estimates, it naturally yields well-structured uncer-
tainty estimates.

2.4. Research Gap and Contribution

Recent tabular foundation models offer fast, probabilis-
tic, retraining-free inference, yet their suitability as surrogates
for low-dimensional, real-world experimental optimization re-
mains unexplored.

PFNs4BO demonstrates that PFNs can approximate GP pos-
teriors and act as flexible BO surrogates, but evaluations are
limited to synthetic priors and hyperparameter-optimization
tasks rather than physical experiments, with noted sensitivity
to prior mismatch and non-accuracy objectives [18]. TabPFN
itself is benchmarked mainly on classification tasks, without
studying its regression uncertainty or sequential-decision be-
havior in BO settings [12]. GIT-BO investigates TabPFN v2
in BO, but exclusively in high-dimensional synthetic and com-
putational engineering benchmarks, leaving its behavior unad-
dressed in the low-dimensional, small-sample regime [25]. As
a result, it remains unknown whether TabPFN constitutes a vi-
able surrogate for HMLV-style experimental optimization, how
it compares to classical surrogates under realistic evaluation
budgets, and in which budget regimes it is advantageous.

This study addresses this gap through the following contri-
butions:

1. We provide the first systematic study of TabPFN as a sur-
rogate model in BO for real-world, low-dimensional ex-
periments from materials and process engineering under
strict evaluation budgets.

2. We assess performance using evaluation metrics specifi-
cally designed for settings with expensive experiments.

3. We analyze surrogate model behavior over a range of eval-
uation budgets and assess if there are regimes in which
TabPFN consistently outperforms classical surrogate mod-
els.

3. Methods

We benchmark BO under cost-aware conditions de-
signed to emulate expensive real-world experimentation by
reporting checkpoint-wise performance at iterations t ∈
{5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 100}, where the result at
each checkpoint is the best objective value observed up to t.
Throughout, we restrict attention to short BO campaigns with
at most 100 function evaluations per method, reflecting typical
evaluation budgets in HMLV settings. All tasks were treated as
minimization problems. Four surrogate models were used: GP
with an isotropic kernel, GP with automatic relevance determi-
nation (ARD), a RF regressor, and a TabPFN regressor together
with a Random Search (RS) baseline drawn uniformly over the
design domain.

The next recommendation was obtained by maximizing EI.
Let b denote the current incumbent, i.e., the best objective value
observed so far. For minimization, we define the improvement
at x as I(x) = max{0, b − Y(x)}. Letting m(x) and s(x) de-
note the predictive mean and standard deviation, respectively,
and assuming the objective value Y(x) ∼ N�m(x), s2(x)

�
, the

standardized improvement is

z =
b − m(x)

s(x)
. (1)

The acquisition function EI is then

EI(x) =

⎧⎪⎪⎨
⎪⎪⎩

�
b − m(x)

�
Φ(z) + s(x) φ(z) , s(x) > 0,

0, s(x) = 0,
(2)

with cumulative and probability density function Φ and φ. At
each iteration the next candidate was the deterministic maxi-
mizer

xε = arg max
x∈X

EI(x). (3)

For the GP surrogate, EI is evaluated in closed form under
this Gaussian predictive model. For the RF surrogate, we ap-
proximate the predictive distribution by a Gaussian with mean
and variance given by the empirical mean and variance of the
individual tree predictions and apply the same EI formula. For
the TabPFN surrogate, EI is computed numerically as the ex-
pected improvement under its full predictive distribution.

To use the pre-existing experimental data, the recommended
point was determined by mapping to the nearest available sam-
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ple in the corresponding data set via the Euclidean distance.

xreal = arg min
xi∈D

∥∥∥xi − xε
∥∥∥

2 , (4)

The objective value associated with xreal was used for the eval-
uation. The same realization rule was consistently applied to all
surrogates and the RS baseline. Six publicly available data sets
spanning diverse experimental domains, fabrication and charac-
terization pipelines, and optimization targets served as the test
bed. Their key properties are summarized in Table 1, where d
denotes the number of decision variables and size the number
of unique experiments.

Table 1. Data sets and their properties.
Dataset d Domain Fabrication and

Characterization
Objective Size

AgNP
[17]

5 Nanoparticle
synthesis

Droplet-based
microfluidic syn-
thesis; in-line
hyperspectral
absorption mea-
surement

Match
nanoprisms
absorp-
tion
spec-
trum

120

AutoAM
[3]

4 Autonomous
AM

Direct-write 3D
printing; image
capture and geome-
try analysis

Minimize
geome-
try error

100

Crossed
Barrel
[8]

4 Additive
meta-
material
structures

FDM fabrication of
lattice specimens;
uniaxial compres-
sion testing

Maximize
tough-
ness

1800

P3HT
[4]

5 Organic
semicon-
ductors

Spin-coated thin
films; OFET char-
acterization to
extract field-effect
mobility

Maximize
field-
effect
mobility

233

Perovskite
[23]

3 Hybrid
halide
per-
ovskites

Spin-coating of thin
films; optical mon-
itoring under accel-
erated aging for sta-
bility assessment

Maximize
compo-
sitional
stability

139

Airfoil
[2]

5 Aero-
acoustics

Wind-tunnel mea-
surements of S809
airfoil; microphone
SPL across operat-
ing conditions

Minimize
scaled
sound
pressure
level

1503

For robustness, we performed R = 10 independent repeti-
tions (random seeds) and report, at each checkpoint t, the mean
and standard deviation of the best-so-far objective per method
and dataset, where bm,d(t) denotes the best objective value ob-
served up to t averaged over the R seeds.

To compare progress across datasets, we report
Improvement-over-Random (IoR) relative to the empirical
per-dataset optimum f εd and the RS baseline bRS,d(t), using
a small constant δ > 0 added to the denominator to avoid

division by zero:

IoRm,d(t) = 1 −
bm,d(t) − f εd

bRS,d(t) − f εd + δ
. (5)

The efficiency of a surrogate over the budget range is sum-
marized by the normalized area under the best-so-far IoR curve:

AUCm,d =
1

tT − t1

T−1∑

k=1

ÎoRm,d(tk) + ÎoRm,d(tk+1)
2

(
tk+1 − tk

)
.

(6)
We also report the budget required to close a fraction ε of the
RS→ f εd gap,

Tm,d(ε) = min
{
t ∈ {t1, . . . , tT } : ÎoRm,d(t) ≥ ε}, (7)

using N@90 := Tm,d(0.90) and its median across datasets where
finite, together with the reach rate #{d : Tm,d(0.90) < ∞}/|D|.

4. Results

In the supplementary material, the checkpoint-wise results
across the five data sets for RF, GP (isotropic), GP (anisotropic),
TabPFN and the RS baseline are reported. Fig. 1 summarizes
cross-dataset performance as a function of checkpoint N by ag-
gregating all available data sets into a single normalized score.
For each data set, the mean objective of each method is first
linearly rescaled so that the values are in [0,1]; the y-axis plots
are then the average of these normalized means between the
data sets at each checkpoint. From about N ≈ 10 onward, the
GP variants and TabPFN dominate with a slight edge to the GP
variants. At 15 iterations and higher the difference between the
GP variants and TabPFN becomes negligible.

Fig. 1. Normalized combined-performance per method.

As summarized in Table 2, GP (isotropic) attains the high-
est aggregated efficiency with a median IoR-AUC of 0.870 and
reaches IoR≥0.90 on 5/6 datasets with a median N@90 of 40.
GP (anisotropic) and TabPFN form a closely competitive tier
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(median IoR-AUC 0.757 and 0.753, respectively; both 5/6 reach
rate), with TabPFN showing the best average rank (2.00) and
the fastest time to high performance (median N@90=35). In
contrast, RF trails substantially (median IoR-AUC 0.162; reach
2/6; median N@90=20), and the RS baseline is close to zero
(median IoR-AUC 0.000; reach 1/6; median N@90=20). Over-
all, GP (isotropic) leads in area-under-curve efficiency, while
TabPFN offers the best rank consistency and the fastest ap-
proach to IoR≥0.90; RF and RS are non-competitive under
these aggregates.

Table 2. Aggregated efficiency metrics: Median IoR-AUC, average rank across
datasets, and sample-efficiency via Median N@90

Method Median IoR-AUC Avg Rank Median N@90 Reached (k/6)
GP (isotropic) 0.870 2.50 40 5/6
GP (anisotropic) 0.757 2.17 40 5/6
TabPFN 0.753 2.00 35 5/6
RF 0.162 3.83 20 2/6
RS 0.000 4.50 20 1/6

Subsequently, the dense ranking of TabPFN was assessed
relative to the evaluation budget N across each of the six bench-
mark datasets. For every checkpoint N and dataset, TabPFN
is ranked against the four baseline surrogate models (RF, GP
isotropic, GP anisotropic, RS) using dense ranking.

Fig. 2. Dense rank of TabPFN across checkpoints N on all six benchmark
datasets.

As shown in Fig. 2, TabPFN quickly reaches rank 1 on sev-
eral datasets for small budgets and, from N≥35, it is ranked
first on five out of six benchmarks. At N=100, TabPFN remains
the best or jointly the best method in all datasets except AgNP,
where it is ranked second. Across checkpoints, TabPFN attains
rank 1 on several datasets already at very small budgets and
is mostly ranked 1 or 2 on the remaining datasets. From about
N≥25, TabPFN consistently ranks 1 in Crossed barrel and Per-
ovskite and does not drop below rank 2 in the other datasets.
From N=35, TabPFN achieves rank 1 in five of six datasets, and
this dominance is maintained up to N=100. At the largest bud-
get N=100, TabPFN is ranked 1 on AutoAM, Crossed barrel,
P3HT, Perovskite and Airfoil, and rank 2 on AgNP, indicating
that TabPFN is the best or jointly best surrogate on almost all
benchmarks once sufficient evaluations are available.

5. Discussion

Across all benchmarks, the results in Table 2 show that GP
(isotropic) achieves the highest median IoR-AUC, indicating
the most efficient overall utilization of the evaluation budget.
However, TabPFN achieves the best average rank across data
sets and the lowest median N@90, i.e., it reaches 90% of the
improvement-over-random gap more quickly than any other
surrogate. RF lags far behind both the GP variants and TabPFN,
and the random search baseline is essentially non-competitive.
These findings suggest that TabPFN is not uniformly superior in
terms of area-under-curve efficiency, but is highly competitive
and often faster in approaching near-optimal performance. The
dense rank trajectories in Fig. 2 reveal a clear pattern between
evaluation budgets. TabPFN has achieved rank 1 in several
datasets for very small budgets (N≥10) and, for N≥35, is first in
five of six benchmarks. This supports the view that TabPFN be-
haves particularly well in the low-sample regime, which is char-
acteristic for HMLV manufacturing. However, in the largest
budget considered (N=100), both TabPFN and GP-based sur-
rogates frequently find the empirical minimum on a dataset. In
this near-saturation regime, the methods become nearly indis-
tinguishable and a direct comparison is no longer very infor-
mative; the resulting ties are reflected in Fig. 2 as dense rank-
1 trajectories shared between models. In contrast, the higher
IoR-AUC of GP (isotropic) in Table 2 indicates slightly better
long-term efficiency once largerbut still pre-saturationbudgets
are available. Practically, this suggests a trade-off: TabPFN is
preferable when only a small to medium number of experiments
can be afforded, whereas GP surrogates remain a strong choice
for scenarios where substantially more evaluations are possible.

This study is subject to several limitations. First, the exper-
iments are restricted to six low-dimensional, single-objective
benchmarks; the conclusions may not directly transfer to high-
dimensional, heavily constrained, or multi-objective settings.
Second, we rely on the off-the-shelf TabPFN model without any
domain-specific pretraining or fine-tuning. Given the sensitiv-
ity of BO to surrogate quality, adapting the synthetic pretrain-
ing distribution to manufacturing-specific priors could further
amplify the observed benefits. Finally, only sequential single-
fidelity BO was considered. Extending TabPFN-based surro-
gates to batch acquisition, multi-fidelity data, and robust op-
timization under distributional shift constitutes a promising di-
rection for future research.

6. Conclusion and Outlook

This work has investigated whether a tabular foundation
model, TabPFN, can serve as an effective surrogate for BO in
HMLV process and machine parameter optimization. Using six
low-dimensional real-world experimental datasets from materi-
als and process engineering, we benchmarked TabPFN against
GPs surrogates with isotropic and ARD kernels, a RF surrogate,
and an RS baseline under strict evaluation budgets of up to 100
experiments. Across these benchmarks, GP (isotropic) achieved
the highest median IoR-AUC, indicating slightly higher over-
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all budget efficiency once a moderate number of evaluations
are available. However, TabPFN achieved the best average rank
in datasets and the lowest median N@90, which means that
it closes 90% of the random-to-optimum gap faster than any
other method. RF and RS were consistently non-competitive.
The dense rank trajectories further showed that TabPFN dom-
inates in the low to medium-budget regime (roughly N ≥ 10
to N ≈ 35), while, in the largest budget (N = 100), both
TabPFN and GP surrogates frequently recover the empirical
minimum, making the methods practically indistinguishable on
many datasets. Taken together, these findings suggest a prag-
matic design choice for HMLV-style optimization: when only
a small to medium number of experiments can be afforded,
TabPFN is an attractive surrogate due to its strong early perfor-
mance and fast approach to near-optimal solutions. When more
extensive experimentation is possible, classical GP surrogates
remain a robust choice and can provide slightly better long-term
efficiency in terms of area under the improvement-over-random
curve. Finally, we plan to apply the proposed framework in on-
going industrial research, such as the research project AutoUni-
Manu (Autonomous Universal Manufacturing), which aims to
make laser-based manufacturing self-learning and autonomous
through sensors, AI, digital twins, and model-based engineer-
ing. Such case studies will be crucial to validate the practical
benefits and integration pathways of TabPFN-based Bayesian
optimization in real HMLV manufacturing systems. Other av-
enues for future research include identifying how to most ef-
fectively transfer knowledge from related experiments and un-
derstanding how TabPFN behaves under various physical con-
straints.
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