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Abstract

Covariance Matrix Adaptation Evolution Strategy (CMA-ES) is a widely used algorithm for continuous black-box
optimization, but its applicability to expensive optimization problems is often limited by the number of required
objective evaluations. Surrogate-assisted variants address this issue by replacing a subset of expensive evaluations
with surrogate model predictions. However, no single surrogate-assisted strategy consistently performs best
across all optimization landscapes. To address this limitation, we propose a decision framework based on prior-
data fitted networks (PFNs) that dynamically selects among multiple surrogate-assisted CMA-ES bundles during
optimization. Each bundle combines a surrogate model with an evolution-control mechanism, while the decision
model is trained on a dataset generated through counterfactual one-step lookahead evaluations that quantify the
expected utility of alternative bundle choices from identical optimizer states. The proposed approach is evaluated
on the 24 noiseless functions of the COCO BBOB benchmark in dimension 5 using a leave-one-function-out
protocol over 15 problem instances. Results show that the PEN selector was most competitive at intermediate
budgets. At 200 true evaluations, it achieved an overall target-hit ratio of 0.1787, compared with 0.1781 for its
most frequently selected policy, LQ quadratic top-30, and 0.1843 for the strongest fixed policy. On f,-f,, at
the same budget, PFN improved over LQ quadratic from 0.0925 to 0.1038, although GP Matérn UNC remained
stronger at 0.1176. These results show that learned switching can outperform state-free selection at early budgets
and its dominant fixed action in specific regimes, but does not yet outperform the strongest fixed policy overall.
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1. Introduction

Many real-world optimization problems involve objective functions that are expensive to evaluate,
non-differentiable, or accessible only through black-box procedures. Examples include engineering
design optimization, scientific simulations, automated parameter tuning, and materials discovery, where
a single objective evaluation may require substantial computational or experimental resources [1, 2, 3].
In such scenarios, reducing the number of expensive objective evaluations is often more important than
minimizing the computational cost of the optimization algorithm itself.

Covariance Matrix Adaptation Evolution Strategy (CMA-ES) is one of the most successful algorithms
for continuous black-box optimization [4, 5, 6]. Due to its adaptive covariance matrix updates and
strong invariance properties, CMA-ES achieves robust performance across a wide range of optimization
landscapes [7]. However, its practical applicability is limited by the potentially large number of black-box
objective function evaluations required to reach high-quality solutions.

To alleviate this limitation, surrogate-assisted variants of CMA-ES employ predictive models that
approximate the objective function using previously evaluated candidate solutions [8, 9]. Numerous
surrogate models with various evolution-control mechanisms have been proposed, including local
quadratic approximations [10], Gaussian-process-based approaches [11], random forests [12], and
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ranking-based surrogate models [13, 14]. Although these methods can substantially reduce the number
of expensive objective evaluations, no single surrogate-assisted strategy consistently performs best
across all optimization problems. The effectiveness of a particular surrogate model and evolution-control
mechanism strongly depends on the characteristics of the objective function and may vary during
different stages of the optimization process.

This observation naturally motivates the use of online algorithm selection techniques capable of
dynamically choosing the most suitable surrogate-assisted strategy during optimization. Instead of
relying on a single surrogate model, one may consider a portfolio of surrogate-assisted CMA-ES variants
and adaptively select the most promising strategy based on the current optimization state. Such an
approach can potentially combine the strengths of multiple surrogate models while mitigating their
individual weaknesses.

Recently, Prior-Data Fitted Networks (PFNs) have emerged as a promising framework for learning
predictive inference directly from large collections of generated tasks [15]. However, their use for
online decision making within evolutionary optimization algorithms remains largely unexplored.

In this paper, we propose an adaptive surrogate portfolio framework for CMA-ES driven by a PFN-
based decision model. We employ a transformer-based PFN decision model that dynamically selects
among a portfolio of surrogate-assisted CMA-ES policies. Each policy combines a surrogate model
with a corresponding evolution-control strategy. The decision model is trained on a dataset generated
through counterfactual one-step lookahead evaluations, where all candidate policies are assessed from
identical CMA-ES states and scored according to their achieved improvement relative to the number
of expensive objective evaluations consumed. In each generation of the evolutionary optimization,
the trained PFN model selects the policy predicted to provide the highest optimization benefit in the
current generation.

The proposed approach is evaluated on the noiseless COCO BBOB benchmark suite [16] using a
leave-one-function-out evaluation protocol. The results show that PEN is competitive with strong
fixed policies around 100-200 true evaluations. A matched-instance comparison shows that learned
switching improves over the frequently selected LQ quadratic policy on fio—fi4 at 200 evaluations,
although GP Matérn UNC remains the strongest fixed baseline. These findings demonstrate both the
potential of state-dependent selection without hand-designed switching rules and the need to reduce
the selector’s concentration on a single policy.

2. Background and Related Work

2.1. Covariance Matrix Adaptation Evolution Strategy

Covariance Matrix Adaptation Evolution Strategy (CMA-ES) is one of the most successful evolutionary
algorithms for continuous black-box optimization [4, 5, 6]. The algorithm iteratively samples candidate
solutions from a multivariate normal distribution and adapts its covariance matrix and global step
size according to the observed search progress. This adaptation mechanism allows CMA-ES to learn
dependencies between decision variables and efficiently exploit local structure of the search landscape.

A key advantage of CMA-ES is its invariance with respect to monotonic transformations of the
objective function and affine transformations of the search space [5]. Owing to these properties, CMA-
ES demonstrates robust performance across a broad range of continuous optimization problems [7].
However, its practical applicability to expensive optimization scenarios is often limited by the large
number of objective evaluations required.

2.2. Surrogate-Assisted CMA-ES

Surrogate-assisted evolutionary optimization seeks to reduce the number of expensive objective eval-
uations by replacing some evaluations with predictions obtained from surrogate models trained on
previously evaluated solutions [8, 9]. In the context of CMA-ES, surrogate models are commonly



combined with evolution-control mechanisms that determine which candidate solutions are evaluated
using the true objective function and which receive surrogate-predicted fitness values.

Numerous surrogate-assisted CMA-ES variants have been proposed. Representative approaches
include ranking-based surrogate models [13, 14], local quadratic approximations [10], Gaussian-process-
based methods [11], and random-forest surrogates [12]. These methods differ in their modeling
assumptions, computational complexity, uncertainty estimation capabilities, and evolution-control
strategies.

Although surrogate-assisted CMA-ES algorithms can significantly reduce evaluation costs, no single
surrogate model consistently outperforms all alternatives across different optimization problems. The
suitability of a particular surrogate-assisted strategy often depends on the properties of the objective
function as well as the current stage of the optimization process.

2.3. Algorithm Selection and Hyper-Heuristics

The observation that different optimization strategies perform well under different conditions can be
interpreted as a specialization of the general algorithm selection problem introduced by Rice, which
concerns the selection of a suitable algorithm for a given problem instance [17]. Related approaches
include hyper-heuristics, which operate at a higher level by selecting or generating optimization
heuristics during the search process [18].

Within evolutionary optimization, algorithm selection has been applied to adaptive operator selection,
portfolio-based optimization, and dynamic configuration of optimization algorithms [19, 20]. Rather
than relying on a single optimization strategy, these approaches seek to exploit complementary strengths
of multiple methods.

The framework proposed in this paper follows a similar philosophy. However, instead of selecting
among complete optimization algorithms, it dynamically selects among policies of surrogate-assisted
CMA-ES variants, where each policy combines a surrogate model with a corresponding evolution-control
mechanism.

Online algorithm selection is also closely related to adaptive operator selection and contextual-
bandit methods, which update a selection rule from short-term rewards, and to reinforcement-learning
approaches that model dynamic selection as a sequential decision problem. Our approach uses full-
information counterfactual supervision: every portfolio action is evaluated from the same recorded
state during data generation. It therefore avoids online exploration during deployment, but uses a
myopic one-generation target rather than optimizing a multi-step return.

2.4. Prior-Data Fitted Networks

Prior-Data Fitted Networks (PFNs) are transformer-based models trained to approximate Bayesian
predictive inference through exposure to a large collection of synthetically generated learning tasks [15].
Unlike conventional machine learning models, PFNs perform prediction in-context and do not require
task-specific gradient-based training at inference time.

Recent work has demonstrated the effectiveness of PFN-based models in low-data learning and
Bayesian optimization settings [21]. Their ability to perform inference directly from context makes
them a promising candidate for decision-making tasks where only limited information is available.

While PFNs have been successfully used for in-context predictive inference and as surrogate models
in Bayesian optimization, their use as decision models for online strategy selection within evolutionary
optimization remains largely unexplored. This motivates the investigation presented in this paper.

3. Proposed Method

The proposed framework consists of three main components: a portfolio of surrogate policies, a
counterfactual dataset-generation procedure, and a PFN-based decision model. During optimization, the
decision model selects one policy from the portfolio based on the current CMA-ES state. The selected



Dataset Generation PFN Training Online Optimization

CMA-ES Runs c t
with 4{ Decision Dataset } E urren }
One-step lookahead e CMA-ES State

4 Y Y

" ’/ Trained PEN | _______ Bundle Selection
E Decision Dataset } Decision Model

Y

E Surrogate-Assisted }

CMA-ES Generation

Figure 1: Overview of the proposed framework. Decision data are generated from CMA-ES runs and
used to train a PFN-based decision model. During online optimization, the trained model selects a
surrogate-assisted bundle for the current CMA-ES generation.

policy is subsequently used to perform one iteration of surrogate-assisted optimization in the CMA-ES
state.

The decision model is trained offline using data obtained from counterfactual one-step lookahead
evaluations. Figure 1 illustrates the overall workflow of the proposed approach.

3.1. Surrogate Portfolio

The proposed framework operates on a portfolio of surrogate-assisted CMA-ES policies. Each policy
combines a surrogate model with an evolution-control mechanism responsible for determining which
candidate solutions are evaluated using the true objective function and which receive surrogate-predicted
fitness values.

Specifically, the portfolio includes representatives of the major surrogate-model families discussed
in Section 2.2, including quadratic approximation models, Gaussian processes, random forests, and
ranking-based support vector machines. These surrogate models are combined with several evolution-
control mechanisms, including top-fraction evaluation, uncertainty-guided evaluation, adaptive model
lifelength control, and doubly-trained surrogate control, which represent commonly used strategies for
balancing surrogate predictions and expensive black-box function evaluations [8, 11, 14].

In addition to surrogate-assisted policies, the portfolio also contains a baseline strategy that evaluates
all candidate solutions using the true objective function without employing surrogate modeling. This
allows the decision model to fall back to standard CMA-ES whenever surrogate-assisted evaluation is
predicted to be unbeneficial.

The selector’s action space contains exactly seven predefined surrogate-control policies, listed in
Table 1. The surrogate and evolution-control columns are not independently recombined; thus, only
these seven complete policies, rather than their Cartesian product, were evaluated.

The portfolio is defined over complete surrogate—control policies rather than the Cartesian product
of all surrogate models and evolution controls. Some controls require model-specific capabilities, such
as predictive uncertainty, repeated model fitting, or persistent refresh state, while other combinations
would represent closely related parameter variants. We therefore selected a compact set of compatible
and representative policies so that every action could be evaluated counterfactually at every recorded
state. Factorized selection of the surrogate and evolution control is left for future work.

3.2. State Representation

The PFN decision model receives a representation of the current optimization state and predicts the
surrogate-assisted policy to be used in the current CMA-ES generation. The representation is constructed



Table 1
Surrogate-assisted policies used in the proposed framework.

Policy Surrogate Evolution Control
Iq_linear_top50 Local Linear Top 50%
Iq_quadratic_top30 Local Quadratic  Top 30%
gp_matern_dts GP Matérn DTS
gp_matern_unc GP Matérn Uncertainty-Based
rf_lifelength Random Forest ~ Adaptive Lifelength
svm_rank_top50 Rank-SVM Top 50%

real_only None Evaluate All

from information available to the optimizer at the decision point and is designed to capture both the
search history and the current state of the optimization process.
The optimization state at generation g is represented as

5(8) = ( H® H§g>, 26} xﬁﬁzt, yé«gzt, A(g)) '

Here, P(®) is the candidate population sampled by CMA-ES for generation g. The history H,gg), H)()g)
contains the at most Ny = 128 most recent points from the current run that have been evaluated by the
true objective function, together with their objective values.

We use Ny = 128 as a fixed computational cap that bounds the memory and attention cost of the
set-based model while emphasizing recent observations. The cap is inactive during the first 100 true
evaluations, where the complete available history is retained. We did not perform an ablation of Ny,
and its effect at larger budgets remains to be investigated.

The pair (xlg‘gzt, ylg‘gzt) denotes the incumbent solution, defined as the best solution observed by the true
objective function before generation g. It is therefore not determined by surrogate predictions or by the
ranking used by a particular evolution-control mechanism. Finally, A® contains auxiliary generation-
and run-level descriptors, including the generation index, dimension, population size, current CMA-ES
step size, and the number of true objective evaluations performed so far.

The amount of available optimization history and the number of current candidates can vary between
generations. The PFN-style model therefore treats the evaluated history as a context set and the current
population as a query set, rather than requiring a fixed-length feature vector. It combines information
about the observations, candidates, incumbent solution, objective-value ranks, recency, optimization
progress, and CMA-ES step size. We investigate whether this information is sufficient to select a suitable
surrogate-control policy without hand-designed state summaries or online model updates.

Before being passed to the model, objective values are centered around the incumbent and standard-
ized using the retained history. Rank features are included as well. This reduces sensitivity to shifts and
positive rescaling of the objective values. However, the learned selector does not necessarily preserve
all invariance properties of CMA-ES, and we did not evaluate these properties separately.

3.3. Counterfactual Dataset Generation

Training the decision model requires supervision indicating which surrogate-assisted policy should be
selected in a given optimization state. Since such information is not directly available, we construct a
decision dataset using counterfactual one-step lookahead evaluations.

For each recorded optimization state s(@), all policy from the portfolio are evaluated independently
from an identical CMA-ES state. Each policy performs a surrogate-assisted generation, updates its
internal optimizer copy, and produces a lookahead population that is subsequently evaluated using the
true objective function. This procedure allows all policies to be compared under identical conditions
without affecting the original optimization trajectory.

We use a one-generation horizon because it permits all actions to be evaluated from an identical
optimizer state without specifying the policy that should be followed after the counterfactual action.



Extending the horizon would make each target dependent on subsequent policy choices and would
introduce a branching cost that grows with both the portfolio size and rollout depth. The resulting
utility should therefore be interpreted as a proxy for decision quality, not as a guarantee of long-horizon
optimization performance.

The utility of policy b is quantified according to the improvement achieved during the lookahead
step relative to the number of expensive objective evaluations consumed:

(b)
max (ybest ~ Yookahead? 0)
®) ’

eval

up =
n

where .5 denotes the incumbent objective value before applying the bundle, yl((f())kahead is the best

objective value obtained in the lookahead population generated by policy b, and ”g;al denotes the
number of current-generation candidates evaluated using the true objective under policy b.

The resulting utility scores are used to construct the decision dataset for training the PFN decision
model. For each state, let uy,, and uy;, denote the highest and lowest utility observed among all
policies. A policy b is assigned a positive target label if

Uy 2 Umax — e(umax - umin):

where € = 0.1 in our experiments. Thus, the target may include multiple policies whose utilities are close
to the best observed one, reducing sensitivity to noise and allowing several policies to be considered
suitable for the same optimization state.

Each record in the decision dataset consists of an optimization state 5@, the corresponding policy
utility scores, and the derived target labels used for training the decision model.

3.4. PFN Decision Model

The bundle-selection task is formulated as a supervised learning problem. The selector is a custom
PFN-style set model trained offline across prior optimization tasks. At inference, the evaluated history
and objective values form a variable-size context set, the current CMA-ES population forms the query
set, and learned action tokens represent the available policies. The model returns all policy scores
in one forward pass and receives no gradient updates during an optimization run. In contrast to a
conventional fixed-vector classifier, it operates directly on the variable-size history and candidate sets
and shares the same learned inference procedure across held-out functions.
For each policy b, € B, the model predicts a suitability score

= fo SO,

where fy denotes the PFN decision model and (8 is the current optimization state.

The model is trained using a multi-label binary cross-entropy loss. During inference, scores within a
fixed margin 6 = 10~ of the maximum are treated as ties. With policies indexed according to the fixed
order in Table 1, the selected policy is

k* zmin{k : j)kzmaxj/j—5}.
J

3.5. Optimization Procedure

Once trained, the decision model is integrated into the CMA-ES optimization loop. At the beginning
of each generation, it predicts suitability scores for all policies and selects by~ using the deterministic
margin rule defined in Section 3.4.

Depending on the selected bundle, a subset of candidate solutions is evaluated using the true objective
function, while the remaining candidates receive surrogate-predicted fitness values. The resulting



fitness information is used to update the CMA-ES search distribution. This procedure is repeated until
the evaluation budget is exhausted or another stopping criterion is satisfied.
Algorithm 1 summarizes the overall online optimization procedure.

Algorithm 1 PFN-Guided Surrogate Selection in CMA-ES
: Initialize CMA-ES
: while stopping criterion not satisfied do

1
2
3:  Construct optimization state s(®)

4:  Predict policy scores using PFN

5. Select k* = min{k : J > max; j; — 6} and set b* = by~

6:  Perform surrogate-assisted evaluation of the current generation using b*
7. Update CMA-ES

8: end while

9: Return best solution found

4. Experimental Setup

We evaluated our approach on the noiseless single-objective BBOB suite from COCO, consisting of 24
scalable functions. All experiments were conducted in dimension D = 5. Here, dimension denotes the
number of continuous decision variables. We selected D = 5 as a controlled low-dimensional setting
because decision-data generation evaluates all seven policies counterfactually at every recorded state and
LOFO training requires 24 separate checkpoints. The present results therefore do not establish scalability
to higher-dimensional problems. We used the standard BBOB grouping into separable functions (fi- fs),
low/moderate conditioning (fs- fo) and highly conditioned unimodal functions ( fio- f14), multimodal
functions with adequate global structure ( fi5- f;9), and multimodal functions with weak global structure
(f20-fa4)-

Decision data were generated from BBOB instances 1-20, while online evaluation used instances 1-15.
We adopted a leave-one-function-out (LOFO) protocol: the model evaluated on function f; was trained
without any states originating from f;, yielding 24 independently trained checkpoints.

Although the numeric instance ranges used for decision-data generation (1-20) and online evaluation
(1-15) overlap, no state from the evaluated function is present in its training data: the checkpoint for f;
is trained only on states from functions fi, k # j. Thus, an evaluation function-instance pair is never
reused as a training task. The protocol evaluates transfer across functions; using disjoint instance
identifiers and unseen benchmark families would provide a stronger test of distribution shift.

4.1. Decision-Data Generation

Trajectories were generated using CMA-ES with population size A = 10, initial mean x, = 0, and initial
step size oy = 2. Each trajectory was limited to 1000 generations. At every recorded CMA-ES state, all
seven surrogate—control pairs from Table 1 were evaluated using the counterfactual one-step lookahead
procedure introduced in Section 3.3. The final pool contained about 551000 records.

4.2. Model Architecture and Training

The PEN used the state representation described in Section 3.2. The decision model used a transformer
architecture with hidden dimension 128, eight attention heads, GELU activations, feed-forward expan-
sion factor 4, and dropout 0.1. It consisted of four context-processing layers, two candidate-processing
layers, and two action-processing layers. Each LOFO checkpoint was trained for 25 epochs using Adam
with batch size 32, learning rate 107>, and weight decay 107°. These hyperparameters were fixed and
used unchanged for every LOFO fold, no function-specific, budget-specific hyperparameter optimization
was performed. The results therefore characterize this single model configuration rather than a full



potential of PFN architecture as such. Training used a 10000-record shuffle buffer and at most 10000
mini-batches per epoch.

4.3. Online Evaluation and Baselines

Each function was evaluated using its corresponding LOFO checkpoint. The PFN decision policy
was compared with seven fixed policies corresponding exactly to the seven surrogate-control pairs in
Table 1. We additionally evaluated two state-free dynamic baselines over the same policy portfolio.
Uniform-random selection chose each policy independently with probability 1/7 at every generation
and was repeated with nine independent action-selection seeds (1000-1008). Round-robin selection
cycled deterministically through the policies in the order listed in Table 1 as well. The action-selection
random generator was independent of the CMA-ES initialization, for which all methods used optimizer
seed 42. The evaluation comprised 2,880 PFN and fixed-policy runs, 3,240 uniform-random runs, and
360 round-robin runs, giving 6,480 runs in total.

4.4. Performance Measures

The primary performance measure was a fixed-budget target-hit ratio derived from COCO output. We
used 51 logarithmically spaced target precisions A f from 10? to 10~%. For method m and raw evaluation

budget B,

Rn(B) = m DY D Ut g < B
feFiesteT
where 7, 1, is the first true-evaluation count at which method m reaches target  on function fand
instance i. Unreached targets remain in the denominator, so higher values are better. We report budgets
B € {50, 100, 200, 500, 1000}, corresponding to 10, 20, 40, 100, 200 x D true-evaluations.

In addition to optimization performance, we report decision-level diagnostics. On held-out counter-
factual records, we measure top-1 agreement, where the selected surrogate—control pair has maximal
utility, and acceptable agreement, where the selected surrogate—control pair belongs to the positive
target set defined in Section 3.3. We also report the online selection distribution, i.e., the fraction of
generations in which each surrogate—control pair is selected. For the two highlighted PFN-LQ quadratic
comparisons in Section 5.1, we used 10,000 paired bootstrap resamples of function-instance target-hit
ratios and report 95% percentile confidence intervals. Other comparisons, including the per-function
heatmap, are descriptive. These diagnostics characterize the decision policy, while the fixed-budget
target-hit ratio remains the main optimization measure.

Uniform-random results are reported as means over nine selector seeds, with 95% Student-t confidence
intervals quantifying variability due to action selection. PFN, the fixed policies, and round robin used
deterministic selectors and one matched CMA-ES seed, so these intervals should not be interpreted as
complete algorithm-level uncertainty.

5. Results and Discussion

We compared the PFN selector with seven fixed policies, each using the same bundle throughout the
run. In contrast, the PFN selector chose a bundle dynamically from the current optimization state,
without function-specific configuration or predefined budget thresholds. This comparison evaluates
whether learned state-dependent selection can compete with strong fixed policies without manually
specifying when each surrogate-assisted bundle should be used.

PFN’s relative performance depended strongly on the evaluation budget (Table 2). At 100 true
evaluations, it ranked second with a target-hit ratio of 0.1401 versus 0.1447 for LQ quadratic top-30. At
200 evaluations, it again ranked second and nearly matched GP Matérn UNC (0.1787 versus 0.1843).
The gap increased at 500 and 1000 evaluations, where PFN obtained 0.2402 and 0.3203, compared with



0.2875 and 0.4216 for GP Matérn UNC. Across all five budgets, GP Matérn UNC achieved the highest
mean score of 0.2272, while PFN obtained 0.1949 and ranked fourth overall.

Table 2

Target-hit ratios over all 24 BBOB functions. Higher values are better. The final column is the unweighted mean.
Method 50 100 200 500 1,000 Mean
GP Matérn UNC 0.1034  0.1394 0.1843 0.2875 0.4216 0.2272
LQ quadratic top-30  0.0958 0.1447  0.1781  0.2494  0.3217  0.1980
GP Matérn DTS 0.1040 0.1387  0.1697 0.2464  0.3211  0.1960
PFN selector 0.0953  0.1401 0.1787  0.2402  0.3203  0.1949
Real only 0.0686  0.1164  0.1561 0.2425 0.3592  0.1886
RF lifelength 0.0857  0.1283  0.1630  0.2223  0.2589  0.1716
LQ linear top-50 0.0793  0.1303  0.1458  0.1835  0.2388  0.1555
SVM rank top-50 0.0715  0.1023  0.1273  0.1497 0.1862  0.1274

5.1. Performance by Function Group

Figure 2 presents the matched-instance results for the two conditioning-related function groups. On
f¢—fo, PEN obtained target-hit ratios of 0.0542 and 0.0971 at 50 and 100 evaluations, compared with
0.0575 and 0.1013 for the strongest fixed policy, LQ quadratic top-30. On fig— fi4, PFN exceeded the
complete fixed-surrogate range at 50 evaluations (0.0476 versus 0.0431 for the strongest fixed policy),
but was slightly below LQ quadratic at 100 evaluations (0.0748 versus 0.0763). The 50-evaluation
PFN-LQ difference was not conclusive under paired bootstrap resampling (95% CI [—0.0013,0.0133]).
Thus, the observed early-budget advantage was confined to one group and one budget rather than
occurring consistently across both groups. Because PFN selected LQ quadratic in 65.6% of all online
decisions, Figure 2 also shows this policy explicitly. The clearest evidence that dynamic selection
was not equivalent to always using LQ quadratic occurs on fjg—fi4 at 200 evaluations: PFN reached
0.1038, compared with 0.0925 for LQ quadratic, a difference of +0.0112. A paired bootstrap over the 75
function—-instance units gave a 95% confidence interval of [0.0024,0.0204]. Nevertheless, GP Matérn
UNC remained the strongest fixed policy for this group at that budget with 0.1176. On individual
functions, PFN strictly exceeded every fixed policy on four functions at 50 evaluations (f7, fi1, f21, f22),
three at 100 (f7, f11, foo), three at 200 (f,, fi1, fi9), and two at both 500 (fi,, fi9) and 1,000 evaluations
(fi2, fi6)-

Figure 3 places the function-specific results in context by reporting PFN’s target-hit-ratio difference
from both the strongest fixed policy and LQ quadratic top-30 at every budget. The gains over the
strongest fixed policy are sparse and concentrated at particular function-budget pairs, whereas PFN
exceeds LQ quadratic more often. This confirms that online switching can differ beneficially from
always using its most frequent action, but does not support uniform superiority over the portfolio.

5.2. Comparison with State-Free Dynamic Baselines

Table 3 tests whether PFN’s performance can be explained merely by switching among policies. PEN
outperformed both state-free selectors at 50, 100, and 200 true evaluations. Its five-budget mean was
0.1949, compared with 0.1898 for uniform random and 0.1903 for round robin. Uniform random was
slightly better at 500 evaluations, while the methods were comparable at 1,000 evaluations. On f;y-fi4,
PFN also achieved a higher five-budget mean of 0.1444, versus 0.1356 for uniform random and 0.1346
for round robin. Thus, state-dependent selection provides measurable early-budget value beyond naive
switching, although it remains below the fixed LQ quadratic policy overall.

5.3. Decision Diagnostics

As shown in Figure 4, across 86,506 online decisions, PFN selected LQ quadratic top-30 in 65.6% of
generations, while no other bundle exceeded 8.8%. GP Matérn UNC was selected in only 8.7% of
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Figure 2: Group-average target-hit ratios on matched BBOB instances 1-15 for fy—f, and f},— fi4- The shaded
region spans the six fixed surrogate-assisted policies from weakest to strongest at each budget; LQ quadratic
top-30 is shown explicitly because it was the PFN selector’s most frequent choice. The interval annotation is a
paired bootstrap 95% confidence interval over function-instance units.
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Figure 3: Per-function comparison on matched BBOB instances 1-15. Each cell shows the target-hit-ratio
difference between PFN and (a) the strongest fixed policy or (b) LQ quadratic top-30 for one function and
evaluation budget. Blue indicates an advantage for PFN, red an advantage for the comparator, and plus signs
mark positive PFN differences. Vertical lines delimit the standard BBOB function groups.

generations despite achieving the best overall mean performance in Table 2. On 550,944 held-out logged
states, exact oracle top-1 agreement was 0.154 and acceptable-label agreement was 0.551. LQ linear was
oracle-best in 41.5% of states but predicted in only 2.8%, whereas LQ quadratic was oracle-best in 18.2%
of states but predicted in 53.6%.

The low oracle frequency of GP Matérn UNC despite its strong fixed-policy performance reflects a
difference between the two evaluation horizons. The offline oracle measures immediate one-generation
improvement per true evaluation on recorded states, whereas the fixed-budget target-hit ratio accu-
mulates the consequences of many decisions along an optimization trajectory. A policy can therefore



Table 3
Target-hit ratios for PFN, its dominant fixed policy, and state-free dynamic baselines. Uniform-random results
are means over nine selector seeds; the second row gives 95% Student-t confidence intervals across those seeds.

Higher values are better.

Method 50 100 200 500 1,000 Mean

PFN selector 0.0953 0.1401 0.1787 0.2402 0.3203 0.1949

LQ quadratic top-30 0.0958 0.1447 0.1781 0.2494 0.3217 0.1980

Uniform random 0.0831 0.1313 0.1703 0.2455 0.3189 0.1898

95% Cl [0.0788,0.0873] [0.1298,0.1328] [0.1687,0.1719] [0.2415,0.2494] [0.3134,0.3243] [0.1877,0.1919]
Round robin 0.0821 0.1333 0.1725 0.2437 0.3200 0.1903
B Online PFN choices (matched) PFN predictions on held-out states B Oracle top-1 on held-out states
70 7 65.6
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Figure 4: Online PFN choices, PFN predictions on held-out logged states, and oracle top-1 bundles on the same
states.

have modest one-step oracle frequency yet provide robust long-run progress. This discrepancy, to-
gether with exact top-1 agreement of 0.154 and acceptable-label agreement of 0.551, indicates that both
decision-model calibration and longer-horizon target construction deserve further investigation.

5.4. Discussion and Limitations

The results show that learned selection can approach the strongest fixed alternatives around 100-200
evaluations and can outperform its most frequently selected policy in specific regimes. The clearest
case occurs on fio—f14 at 200 evaluations, although the strongest fixed policy remains better. However,
the strong concentration on LQ quadratic top-30 and the growing late-budget gap show that the learned
policy is not yet robust over the full run. Class-balanced training, utility- or regret-aware targets,
calibration, and explicit budget/progress features are natural next steps. The conclusions remain limited
to noiseless five-dimensional BBOB, one CMA-ES seed, and 15 online instances per function.

Although LOFO excludes the evaluated function from training, the remaining training functions
originate from the same BBOB suite and may share function-group structure. The experiment therefore
evaluates within-benchmark transfer rather than out-of-distribution generalization, so performance on
unseen benchmark families and real-world objectives remains a subject for future research.

6. Conclusion

We introduced a PFN-based framework for online selection among surrogate-assisted CMA-ES bundles.
Trained using counterfactual one-step lookahead data, the selector requires neither function-specific
bundle choices nor hand-designed switching rules. On 24 five-dimensional BBOB functions, the PFN
selector was competitive with the strongest fixed policies at 100-200 evaluations.

In particular, on fjo—fi4 at 200 evaluations, PFN achieved 0.1038 compared with 0.0925 for LQ
quadratic. PFN also outperformed uniform-random and round-robin selection at 50-200 evaluations,



indicating that its early-budget performance cannot be attributed solely to switching among policies.
However, GP Matérn UNC remained stronger, and the selector continued to choose LQ quadratic in
65.6% of generations.

Although the strongest fixed policies achieved better late-budget and overall performance, the
diagnostics revealed a clear limitation: the PFN selector concentrated excessively on the LQ quadratic
top-30 bundle. Class-balanced training, budget-aware features, and utility- or regret-aware objectives
may therefore improve the robustness of the learned policy. Overall, the results demonstrate the promise
of learned online bundle selection and provide a foundation for adaptive, evaluation-efficient black-box
optimization.
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