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1 Introduction

In Industry 4.0 and 5.0, manufacturing reconfiguration optimizes production parameters (speed,
temperature, pressure, tooling sequences) when adapting lines to new products. These prob-
lems exhibit: (i) high-dimensional search spaces (5 to 15 parameters), (ii) expensive black-
box evaluations via physical experiments (€50 to 500 per trial), (iii) multiobjective trade-offs
(throughput, quality, energy), and (iv) strict budgets of 20 to 50 evaluations due to downtime
and material costs. Classical Design of Experiments suffers combinatorial explosion, requiring
hundreds of evaluations. Evolutionary algorithms, while balancing exploration-exploitation
through mutation and crossover, require 500 to 5,000 evaluations—exceeding manufacturing
budgets by one to two orders of magnitude—and lack uncertainty quantification for risk as-
sessment.

Bayesian Optimization addresses these limitations through probabilistic surrogates and prin-
cipled exploration-exploitation. However, standard BO faces: the cold-start problem wast-
ing initial evaluations despite historical data, uniform search treatment ignoring operational
preferences, and independent task optimization discarding shared knowledge. MBAE (Meta-
Bayesian Active Explorer) addresses these via hierarchical Bayesian meta-learning with similarity-
weighted transfer designed for manufacturing constraints and reconfigurable systems [1].

2 Framework architecture

MBAE integrates three innovations building on meta-learning and transfer learning [3]:

Hierarchical Bayesian meta-learning: Standard BO starts with uninformative priors, wast-
ing early evaluations. MBAE learns hyperparameter priors 6; ~ N (g, Xo) from histor-
ical tasks, where 6; includes length-scale and noise parameters of the Gaussian Process
(GP) surrogate model. The hierarchical structure models py and ¥y as global meta-
parameters inferred from past optimization campaigns, enabling informed initialization
while preserving uncertainty for risk-aware manufacturing decisions.

Similarity-weighted transfer: To prevent negative transfer from unrelated tasks, MBAE
computes task similarity using a learned feature mapping ¢(-) that embeds tasks into
a metric space based on problem characteristics (dimensionality, smoothness, constraint
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structure). The similarity weight 2(7;, Thew) = exp( , down-weights

contributions from dissimilar tasks, where {4 is a bandwidth parameter controlling sen-
sitivity, and ¢(7T;) represents the feature vector of task 7;. Entropy-based scaling further
attenuates unreliable transfers.



Manufacturing-aware acquisition: Following GP-UCB principles [2], MBAE uses a com-
posite acquisition function aypag(x) = A\oi(x) + AEl(x) + Asw(z), where oy(z) is the
GP predictive standard deviation (exploration term), EI(x) is the Expected Improvement
over the current best (exploitation term), and w(z) encodes operational preferences (e.g.,
safety margins, preferred operating ranges). The adaptive weights A;(¢) shift from explo-
ration to exploitation over time, addressing manufacturing constraints that evolutionary
algorithms do not explicitly model through probabilistic uncertainty.

3 Theoretical guarantees

Building on the regret analysis framework for Gaussian process optimization [2], we establish
conditional convergence guarantees under bounded prior mismatch. We demonstrate regret
bounds Ry < Ci/Tyr 4+ CoTY? + Cy - Ap - T where yp represents the maximum information
gain and the linear term C3ApT captures cumulative prior mismatch effects from meta-learned
initialization. For well-matched tasks with Ay — 0, MBAE achieves sublinear regret with mul-
tiplicative acceleration factor p(smin, Au) over random initialization, providing formal guaran-
tees that translate theoretical advantages into practical performance gains for reconfigurable
manufacturing systems where rapid adaptation is critical.

4 Experimental validation and conclusion

Experiments on 9D manufacturing problems (100

runs, 14 algorithms) validate theoretical results TAB. 1: Performance comparison
with overwhelming significance. MBAE achieves _Method  Iter.  Gain

4.3% to 4.6 x convergence speedup, requiring only MBAE 6.16 to

6.16 iterations versus 26.6 to 28.3 for baselines ~GP-UCB  28.3  +10.3%

to reach 95% optimality (Mann-Whitney U p <  EI 266 +2.9%

1074, Cohen’s d = —5.7 to —6.7). Performance _MAML N/A  +60.9%

gains include 2.9 to 10.3% over classical BO meth- ~ Allp <107

ods [2], 56.2 to 60.9% over meta-learning baselines

[3], and 2.05x computational speedup despite meta-learning overhead.

MBAE addresses sample efficiency in expensive manufacturing optimization by intelligently
leveraging historical data through principled meta-learning. The framework provides the first
integration of hierarchical Bayesian meta-learning with similarity-weighted transfer for Indus-
try 4.0/5.0 reconfigurable systems [1], achieving measurable acceleration with robust negative
transfer prevention and theoretical guarantees. Validation across 42,000 evaluations confirms
that MBAE translates theoretical advantages into measurable cost savings and reduced time-
lines for industrial deployment where sample efficiency is paramount.
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