CAPS: Cost-Aware ML Pipeline Selection

Antonios Kontaxakis
antonios.kontaxakis@ulb.be
Université Libre de Bruxelles

Brussels, Belgium
Universitat Politécnica de Catalunya
Barcelona, Spain

Sergi Nadal
sergi.nadal@upc.edu
Universitat Politécnica de Catalunya
Barcelona, Spain

ABSTRACT

We present CAPS, a novel system for cost-aware pipeline selec-
tion in automated machine learning (AutoML). CAPS’ approach is
orthogonal to the search strategies used by existing AutoML frame-
works, enabling seamless integration with them. This integration
benefits AutoML systems by reducing computational waste—time
spent evaluating inefficient pipelines or exceeding time or memory
constraints—through lightweight performance and cost estimation.
To incorporate cost-awareness into AutoML, CAPS represents a set
of pipelines as a directed hypergraph, estimates execution times
for each function, and formulates the optimal subset selection as a
constrained prize-collecting optimization problem. CAPS employs
a simple yet effective greedy algorithm to approximate this opti-
mal subset. Our evaluation shows that when CAPS prioritizes cost,
it reduces waste up to 4x—saving up to 23 hours in 50 hours of
pipeline evaluation. When CAPS balances the trade-off between
performance and cost, it consistently achieves performance im-
provements of 5% to 15% over the state of the art within the same
time budget across datasets. It also demonstrates that CAPS is com-
patible with complementary efficiency techniques such as early
stopping and warm-starting, achieving speedups of up to 4.7x.
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1 INTRODUCTION

Selecting an appropriate machine learning (ML) pipeline involves
searching through a large number of alternatives that vary in the
choice and parameterization (e.g., hyperparameter tuning, learner
selection) and data preparation steps (e.g., preprocessing, feature
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Figure 1: A categorization into Baseline, Efficient, Premium,
and Waste of ~3,000 pipelines explored by SMAC (10 ML
tasks, 50-hours budget). (a) Each pipeline is represented as
a point based on performance and execution time. (b) Time
allotted by SMAC compared to three variants of CAPS.

engineering) [32]. The complexity and increasing demand for this
task has driven the development of automated ML (AutoML), a
research area focused on automating ML pipeline design by system-
atically exploring the space of possible configurations with minimal
human intervention [14]. Although there is a wide range of AutoML
approaches, they can generally be viewed as iterating until either
the search budget is exhausted or a suitable pipeline is identified.
Each iteration consists of two steps: generation (GEN) (a set of can-
didate pipelines is produced for further investigation); evaluation
(EVL) (these pipelines are executed). After EVL, metadata on their
performance is recorded to inform and guide the next GEN step.

Motivation. Although AutoML needs minimal human input, it in-
curs high computational costs in time and money [18, 25, 39]. The
number of pipeline evaluations depends on the complexity of the
task and the desired outcomes, with popular systems performing
hundreds to thousands of evaluations per dataset [8, 26]. It is com-
mon for only a small number of pipelines (the needle) to be selected
for deployment from among the thousands generated (the haystack).
To assess the scale and impact of computational costs, we exper-
imented with ten ML tasks using the pipeline space described in
Section 5. For each, we used the AutoML tool SMAC [23] to explore
the space within a 5-hour budget. We recorded performance (classi-
fication accuracy) and execution time for every evaluated pipeline.
For cross-task comparison, we normalized both by dividing each
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value by the task-specific mean (e.g., a normalized execution time
of 2 indicates twice the average for that task).

Overall, we evaluated ~3,000 ML pipelines. In Figure 1a, each
is plotted in a performance-execution time plane divided into four
quadrants. The Baseline quadrant includes pipelines with below-
average performance and execution time, typically considered naive
or baseline solutions. The Efficient quadrant with below-average
cost and above-average performance pipelines, representing cost-
effective alternatives. The Premium quadrant consists of pipelines
with an above-average cost and performance, often delivering best
results at a higher cost. The Waste quadrant includes pipelines with
an above-average cost and below-average performance, highly in-
efficient, and undesirable options. Our experiment shows ~14% of
the pipelines fall in the Waste quadrant!, yet they consume 60% of
the total computational cost (30 of 50 hours allocated). In order to
make better use of the wasted resources, AutoML systems should
integrate the execution cost of pipelines in the process of generat-
ing high-performing candidate pipelines. The few past efforts that
employ cost-aware methods [36, 42] present two limitations: (a)
they are restricted to search strategies in the GEN step and AutoML
tasks (e.g., hyperparameter tuning or learner selection), and (b) they
rely on rudimentary cost estimates, e.g., treat the pipeline as a black
box and model its cost with a Gaussian process surrogate [36], or
use past runs of the same learner to predict the time required to
outperform the current best pipeline [42].

Our Approach. We present Cost-Aware ML Pipeline Selection (CAPS),
a framework that introduces cost-awareness into AutoML systems.
The central idea is an intermediate selection step (SEL) placed be-
tween GEN and EVL. SEL prioritizes the pipelines produced by GEN
and selects a subset for evaluation. By decoupling selection from
generation, each step can pursue distinct objectives: GEN focuses on
generating diverse and promising candidates through exploration
and exploitation, while SEL emphasizes a desired performance-cost
trade-off in prioritization. For example, by increasing the emphasis
on cost (CAPS/1 in Figure 1b), we reduce waste by 23 hours and
can thus explore 10X more pipelines.

CAPS relies on estimating both the performance and execution
cost of a pipeline. Estimating the execution cost of a pipeline is
challenging, and previous methods [36, 42] fall short. Rather than
treating the pipeline as a black box and estimating its overall cost,
CAPS estimates the execution time of each individual function
within the pipeline, and integrates with the execution environment
to collect fine-grained measurements from past pipeline runs. This
granularity is essential, as modern execution environments apply
optimizations such as materialization, reuse, and equivalence [6,
17, 43] across pipelines, which can obscure true per-function costs.

From the GEN step output, CAPS builds a directed hypergraph
for generated candidate pipelines, where each hyperedge corre-
sponds to a function within a pipeline, while each vertex represents
an artifact (such as a dataset, fitted model, or evaluation metric)
produced or consumed by these functions. The hypergraph is an-
notated with hyperedge costs, reflecting the estimated execution
time of each function, and vertex prizes, representing the perfor-
mance benefit of reaching a particular artifact. CAPS formulates

The Waste quadrant also includes ML pipelines that failed to complete due to timeouts
or excessive memory consumption.
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a constrained optimization problem to select the subgraph balanc-
ing performance and cost. Since this prize-collecting problem is
NP-hard, CAPS uses a simple yet effective greedy algorithm to ap-
proximate the optimal solution. We illustrate this with an example.

ExaMmPLE 1. Figure 2a illustrates an AutoML system call for a
single iteration, generating three pipelines from a space with two steps:
preprocessing (apply PCA or skip) and classification (DecisionTree
or RandomForest). For clarity, we assume that each operator has a
single fixed parameterization.

Figure 2b lists the function calls for each of the three generated
pipelines. Pipeline p, applies PCA followed by DecisionTree, p, ap-
plies PCA followed by RandomForest, and ps directly applies Random-
Forest without preprocessing. Function calls shared across all three
pipelines are shown in white boxes, those shared by two pipelines
in green, and pipeline-specific functions in blue. Note that while the
blocks t—t; and tg—ty involve identical function calls, they are treated
as distinct due to operating on different input artifacts.

Figure 2c depicts each pipeline as a directed hypergraph. For ex-
ample, in pipeline p;, the function split(data) is represented as a
multi-output hyperedge t, that produces artifacts train and test,
corresponding to vertices vy and vy, respectively.

CAPS builds a unified graph by merging the three pipeline hyper-
graphs, annotating hyperedges with estimated execution cost. Target
vertices (v7, vo, and vy1) are annotated with estimated performance
of the model on the test set, derived from the respective score calls.
These annotations, in red for estimated costs and green for estimated
performances, are illustrated in the hypergraph in Figure 4a.

Assuming CAPS must select two of the three generated pipelines
for evaluation, each possible selection corresponds to a subhypergraph,
as illustrated in Figure 2d. The estimated cost of a subhypergraph
is computed as the sum of the costs of its hyperedges divided by the
number of selected pipelines, while the estimated performance is given
by the sum of the prizes on its target vertices divided by the number of
selected pipelines. CAPS selects pipelines p1 and p, when prioritizing
cost, and pipelines pi and p; when prioritizing performance.

In practice, CAPS does not enumerate all possible subhypergraphs.
Instead, it uses a greedy algorithm shown in Figure 4a to identify
the preferred subset of pipelines efficiently, either py, p; or p1, p3,
depending on the specified performance-cost trade-off.

Contributions. We introduce CAPS, a novel framework that en-
ables AutoML systems to select ML pipelines based on a user-
specified trade-off between performance and execution cost. We
integrate CAPS into two popular AutoML systems with funda-
mentally different GEN strategies: SMAC [23] (uses Bayesian opti-
mization) and TPOT [26] (uses a genetic algorithm). Moreover, we
enhance CAPS with two techniques aimed to further improve effi-
ciency: warm starting (using meta-learning as in Auto-sklearn [8]),
and early stoping (using successive halvening as in Hyperband [21]).
Our experimental evaluation across ten dataset-task combinations
involves AutoML systems such as SMAC [23], TPOT [26], Hyper-
band [21], BOHB [7], Auto-sklearn [8], and reveals that:

o CAPS finds a pipeline with the best observed performance up to
5x faster when integrated with SMAC, and up to 2x faster with
TPOT. To discover a pipeline with near-optimal performance
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Figure 2: Running example: (a) Statement for a classification problem with one pre-processing step and two classifiers; (b) Three
generated pipelines py, py, p3; (c) Each pipeline represented as a directed hypergraph, where vertices denote artifacts; (d) Given
two out of three pipelines to select, CAPS proposes p;, p, when cost is prioritized, and p;, p; when performance is prioritized.

(i.e., within 96% of the best observed), CAPS achieves up to 4%
speed-up with SMAC and up to 10X speed-up with TPOT.

e When prioritizing cost, CAPS enables faster pipeline exploration,
achieving up to 10X higher throughput.

e Under a tight time budget (e.g., one hour), CAPS allows the Au-
toML system to find pipelines with up to 5% better performance,
regardless of the GEN strategy used.

e Warm starting (Auto-sklearn [8]) helps CAPS achieve up to 3%
speedup. In contrast, for SMAC the speedup is only 1.8%.

o Early stoping (Hyperband [21]) helps CAPS achieve up to 4.7x
speedup. In contrast, for SMAC the speedup is only 1.2X.

e CAPS introduces only negligible overhead to an AutoML system,
two orders of magnitude smaller than the evaluation step, adding
just a few seconds even when selecting hundreds of pipelines.

Outline. Section 2 reviews AutoML systems. Section 3 introduces
the problem of cost-awareness in AutoML. Section 4 details the
CAPS framework. Section 5 presents a detailed evaluation, and
Section 6 concludes the paper.

2 RELATED WORK

AutoML Search Strategies. AutoML systems assist ML develop-
ers in the key tasks of data pre-processing, learner selection, and
hyperparameter tuning. Yet, few support all of them. At their core,
AutoML systems are similar in that they try to find the best ML
pipeline inside a search space. Thus, they can be classified based
on the search strategy they use.

Random search. Include grid search that exhaustively explores
the pipeline space, and random search that considers randomly
selected pipelines, such as H20 [20] for hyperparameter tuning
and learner selection.

Bayesian optimization. Use a probabilistic surrogate model to
predict pipeline performance and guide the search. Such techniques
are particularly effective for hyperparameter tuning [5], but some
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also specialize in pre-processing [12, 15]. Surrogate models, such as
tree-structured Parzen estimators and Gaussian processes, struggle
with high dimensional search spaces, categorical attributes, and
hierarchical structures across all four AutoML tasks. To address this,
random forests are widely used as surrogates [13], with SMAC [23]
being the most notable implementation, adopted by AutoML sys-
tems like AutoSklearn [8], AutoPytorch [46], and AutoWeka [38].
Genetic algorithm. Use mutation and pipeline crossover to evolve
better solutions. TPOT [26] is the best-known AutoML system in
this class, using scikit-learn pipelines [35] and capable of addressing
all AutoML tasks. It represents ML pipelines as trees, nodes corre-
spond to pipeline steps and their configuration, and edges represent
how steps are connected. Mutation may change a step’s configura-
tion, replace it with a compatible operation, or insert or delete steps.
Crossover swaps subtrees between two pipelines. GAMA [11] has
a similar scope to TPOT but uses a different genetic algorithm.
Bandit. Allocate more resources to promising solutions, and are
predominantly used for learner selection and hyperparameter tun-
ing. In this context, each arm of the bandit corresponds to a learner,
and pulling an arm means executing the learner with a different
configuration. Successive halving is the key idea and is used in sev-
eral systems, such as Auto-sklearn, AutoKeras, and Ray Tune [22]:
after executing a number of learners, a proportion (typically half)
of the worst performing learners are discarded and will not be con-
sidered in the future. Hyperband [21] is an adaptive extension of
this idea, invoking multiple rounds of successive halving.
Hybrid. They select among different search strategies, such as
BOHB [7] that combines Bayesian optimization with Hyperband.
Efficient AutoML. Regardless of the search strategy, AutoML
systems are hurt from the computational cost of training and eval-
uating thousands of models. Past research showed that a single
Random Forest model could outperform them in many cases [10].
Several directions are adopted to improve AutoML efficiency.



One direction is to reduce the pipeline execution cost by restrict-
ing the data size or the training duration: Sampling techniques
reduce the size of training data [3, 19, 27, 47], and hence the ex-
ecution cost of the pipelines (e.g., FLAML [42] and Alpine [33]);
Early stopping refers to termination of non-promising pipelines,
and is compatible with all search strategies (e.g., GAMA [11], Hy-
perband [21], and BOHB [7]); Epoch reduction is a related idea that
performs training for few epochs (e.g., [42]).

Another strategy is meta-learning, which considers knowledge
from past AutoML tasks into the search strategy [31, 44, 45], and can
be used on its own (i.e., no informed search) or integrated in systems
such as AutoSklearn [8], AutoPytorch [46], or Alpine [33] to im-
prove initial candidate selection. Training a meta-learner requires
extensive datasets and experiments, making it less adaptable to new
objectives or search spaces. In practice, it is limited to pipelines
with enough historical data (e.g., when AutoSklearn [8] is given a
custom search space, its meta-learning component is disabled).

Other more general ideas that also apply to AutoML systems
include materialization and reuse of intermediate results [6, 28],
operator equivalence exploitation [1, 17, 37], and execution reorder-
ing [24]. Lima [28] tracks lineage within a single pipeline, but does
not allow reuse across pipelines. MISTIQUE [41], Helix [43], and
Collab [6] focus on reuse of artifacts across pipelines, with Helix
using polynomial-time algorithms to optimize it. Raven [1] and
Keystone [37] explore operator equivalences, while HYPPO [17] in-
tegrates equivalence exploitation with hypergraph representations.

Cost-aware AutoML. Prioritize the execution of pipelines that
are promising and cheap. For hyperparameter tuning with Bayesian
optimization, ElperSec [36] introduces an acquisition function that
normalizes expected improvement by estimated execution cost, us-
ing a separate model for cost prediction. FLAML [42] extends this
idea to learner selection through the Estimated Cost for Improve-
ment (ECI), which estimates the cost required for each learner to
surpass the current best, based solely on past executions.

Research value. CAPS advances cost-aware AutoML in several
ways. It addresses the general pipeline selection problem rather
than a specific pipeline stage. It is orthogonal to the search strategy
and thus complements related approaches. Unlike prior work, CAPS
achieves more accurate cost estimation by combining estimators at
the function level instead of the pipeline level. This is key, as function-
level estimators can leverage past AutoML runs and generalize to
unseen data—a novel form of meta-learning.

3 PROBLEM FORMULATION

This section describes the pipeline configuration space and the
AutoML problem, where current systems follow a two-step cycle
of generation (GEN) and evaluation (EVL). Our work introduces an
additional step, selection (SEL), placed between GEN and EVL.

3.1 Pipelines and Pipeline Search Space

ML pipelines are generally expressed either implicitly or explic-
itly [29]. Implicit is the predominant approach in AutoML sys-
tems, with declarative pipelines describing the pipeline as a se-
quence of operators, which can perform data preprocessing (e.g.,
StandardScaler), feature engineering (e.g., PCA), or model fitting
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(e.g., RandomForestClassifier). Each operator has configuration
options (e.g., number of estimators in RandomForestClassifier).
Without loss of generality, here, we adopt the terminology of
scikit-learn.pipelines for declarative pipelines, where each
operator implements several functions, such as fit, transform,
predict, and score. Also, a declarative pipeline is associated with
pipeline-level actions, such as fit, transform, and predict.

ExAMPLE 2. A declarative pipeline for a binary classification ML
model using a decision tree is expressed as [PCA, DecisionTree(DT)].
Suppose we want to train the model and compute the accuracy score,
and thus invoke the score action. This action is translated into a
sequence of function calls: PCA.fit, PCA.transform, DT.fit, and
DT.score as shown in pipeline p; in Figure 2b.

An action on a declarative pipeline along with a configuration of
its operators corresponds to an explicit pipeline, which we hereafter
simply refer to as a pipeline. AutoML systems explore a pipeline
space PS, which contains a set of pipelines that can be instantiated
for the problem at hand. PS is defined by specifying the operators
that a pipeline can include (e.g., PCA, XGBoost); their configuration
space, such as hyperparameters and their domain (e.g., the num-
ber of components in PCA, maximum depth in XGBoost); and any
necessary constraints, such as ordering (e.g., data preprocessing
operators must go before feature generation operators).

3.2 The Pipeline Selection Problem

Finding an efficient pipeline in PS is often cast as a black-box opti-
mization problem [23]. Modern AutoML systems tackle this with it-
erative search strategies (Bayesian optimization, genetic algorithms,
bandits) that alternate between generation (GEN) and evaluation
(EVL), progressively focusing on promising regions of PS.

GEN performs a search on PS and suggests new pipelines to
investigate. This step considers the history of past executions to
select the next best pipelines to test, often with an exploit-explore
tradeoff. With an empty history, it is common that meta-learning
techniques are used if possible. Otherwise, a random selection is
made. In each iteration, we refer to the generated set of pipelines as
Pcen. EVL assesses the model performance of each pipeline in Pgey
on the target dataset (e.g., via classification accuracy). We refer to
the set of pipelines evaluated as Pgy;. AutoML systems also rely on
an external parameter N, which determines both the size of Pgy;
and Pggy; this value remains constant across iterations.

The SEL step. One key limitation of GEN is that it generates
pipelines without considering their runtime cost. To address this,
we introduce an additional step, SEL, which refines the search by se-
lecting a subset Psgy, of the generated pipelines that aim to maximize
estimated model performance (perf) while minimizing estimated
computational cost (cost). As formalized in the problem statement
below, SEL applies a cost penalty to discourage resource waste,
while prioritizing pipelines with high estimated performance to
increase the likelihood of finding optimal or near-optimal solutions,
thereby accelerating convergence.

PROBLEM (PIPELINE SELECTION). Given the generated pipelines
Pcen, our goal is to select a subset Psgp C Pgen that maximizes the
combined objective of performance and cost trade-off, subject to a
given number of pipelines:
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Psgp = arg P[:npe(lj);N ((1=2A) - perf(P) — A - cost(P))

Subject to the constraint: |Psg | = N

Where perf (P) represents the average estimated pipeline perfor-
mance of the subset P, cost(P) represents the average estimated
pipeline cost of the subset P, A is a weighting parameter that balances
the importance of maximizing perf (P) and minimizing cost(P). The
constraint ensures that the selected set contains N pipelines, corre-
sponding to the number of pipelines to be evaluated in each iteration
of the GEN-EVL process.

4 THE CAPS SYSTEM

The system architecture of CAPS is depicted in Figure 3, and can
be integrated with any AutoML system adhering to the GEN-EVL
cycle. It consists of five components. The Parser takes as input a
set of pipelines Pgey and constructs their directed hypergraph rep-
resentation. The Cost Estimator is used to annotate this graph with
estimated costs at its hyperedges. For this purpose, it uses informa-
tion from past executions of pipelines stored as History Graph and
from a Model Repository used to predict the cost of unseen hyper-
edges. The Performance Estimator predicts the performance of the
pipelines based on the search strategy used by the AutoML system.
The History Manager maintains the history of executed pipelines.
Finally, the Selector solves the problem of selecting pipelines based
on their predicted performance and cost, subject to a constraint.

4.1 Parser

Following recent work on ML pipeline optimization [6, 17, 43],
CAPS adopts HYPPO’s hypergraph representation of pipelines [17].
The parser relies on the hosting AutoML framework’s intermediate
representation (its pipeline object) and accepts pipelines in struc-
tured form (e.g., scikit-learn objects used by TPOT) or as points
in a configuration space (e.g., SpaceConfiguration objects used by
SMAC). The parser canonically encodes each step as an (id, opt,
type, params, inputs) tuple (with an id, an operator, a function
type, its hyperparameters, and a list of input vertex IDs), and we
emit one hyperedge per task. This involves representing pipelines as
directed hypergraphs, the functions in a pipeline being hyperedges,
and the inputs and outputs of these functions (the artifacts) being
vertices. Artifacts can be data, models, or scalars (e.g., single values
such as evaluation metrics). We assume that each pipeline termi-
nates after computing a target artifact that represents an evaluation
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metric assessing the ML model’s performance. This hypergraph
representation can capture a single or multiple pipelines.

DEFINITION (PIPELINE HYPERGRAPH). A pipeline hypergraph P =
(V, H) is a directed acyclic hypergraph (DAH), where the vertices V
correspond to artifacts and the directed hyperedges H represent func-
tions that produce or consume these artifacts. A hyperedge is a tuple
h = (id, tail, head, opt, type, params, cost) € H that connects a set of
vertices h.tail C V, to a set of vertices h.head C V. Each hyperedge
is also composed of an id, an operator, a function type, its hyperpa-
rameters, and a cost estimation. Each vertex v = (id, type, shape)
has just an id, a type, and a shape. To simplify explanations and pro-
cessing, every pipeline hypergraph includes a source phantom vertex
identified as vs having no incoming hyperedges, and having outgoing
hyperedges to all raw data artifacts. A hypergraph contains a set of
target vertices Vr C V, where each target vertex corresponds to the
evaluation metric of a pipeline. As a result, the number of pipelines
represented in a hypergraph equals the number of target vertices | Vr|.

The parser performs two tasks over a set of pipelines: (a) con-
verts them into a pipeline hypergraph, and (b) assigns identifiers
to its vertices and hyperedges. In the following, we abuse nota-
tion and refer to both the set of pipelines and their hypergraph
representation using the same symbol P.

The first task involves tracking, based on the action (fit, trans-
form, or score), all functions called within each pipeline. This is
straightforward to implement, as it follows the same instructions as
the action itself but records the function calls instead of executing
them. Since every function has a type (fit, transform, or score),
their respective inputs and outputs inherit these types. For example,
a fit function outputs a fitted operator or model, a transform
function outputs a transform dataset, and a scoring function outputs
a scalar. In Figure 2b, we show an example of the functions (t1, ... , ty)
and their respected input and output artifacts (vy, ..., v11) identified
by the parser for the pipelines p1, p,, ps.

The parser also assigns ids to the vertices and hyperedges. Hyper-
edge ids are used to help define vertex ids. Thus, a hyperedge h € H
is identified by concatenating the operator’s name, the function
type, and the relevant hyperparameters. For example, given the
function call StandardScaler (with_mean=True).fit, the label
of his StandardScaler.with_mean=True.fit.

A vertex v € V, representing an artifact, is assigned a unique id
that encodes the sequence of its ancestor edges back to the source
vertex vy (omitted for brevity). For example, if an artifact results
from a sequence of edges hy, hy, its id would be hy.id_h;.id. In
practice, all ids are converted to fixed-size hashes.

4.2 History Manager

The History Manager maintains the History Graph of all previously
executed pipelines and provides information to the Cost Estimator.
The History Graph represents a collection of pipelines and is mod-
eled as a hypergraph H, which combines the functions, artifacts,
and dependencies of each evaluated pipeline. As new pipelines are
executed, their graphs are incrementally integrated into the history
by merging vertices and edges with identical identifiers and adding
new elements as needed. The history is updated after each com-
pletion of an EVAL step. A simplified version of this exists in most



AutoML systems to track evaluated pipelines. CAPS enhances it by
updating the model repository and the History Graph.

4.3 Cost Estimator

The Cost Estimator considers the computational cost of individual
functions, not the pipeline as a whole. Given a hypergraph P, each
hyperedge is annotated with an estimated cost for executing the
corresponding function, and each vertex with an estimated shape
—the size per dimension of the artifact (e.g., #rows, #columns).

This annotation process is described in Algorithm 1. The es-
timator processes the hypergraph in a breadth-first search (BFS)
manner adapted to directed hypergraphs, ensuring that artifacts
(i.e., vertices) are only visited once all their dependencies have been
visited. This is essential because estimating the cost of a function
requires first estimating the shapes of all its inputs.

The traversal uses a queue to store visited vertices and proceeds
until the queue is empty. Initially, the queue contains only the
source vertex vg, which is marked as visited (lines 1-2). In each
iteration, the estimator takes a visited vertex from the queue (line 4)
and examines its outgoing hyperedges. For each such hyperedge h
(line 5), it first checks that all vertices in the tail of h have been
visited, meaning their shapes have been computed (line 6). If so, it
invokes estimate_cost to estimate the cost of the corresponding
function (line 7), then calls estimate_shape to estimate the shapes
of all the output artifacts (the vertices in head(h)), marks these ver-
tices as visited, and inserts them into the queue (lines 8-11). We next
describe the procedures estimate_cost and estimate_shape.

Estimate Cost. The estimate_cost procedure inputs the opera-
tor, function type, and associated parameters that correspond to the
hyperedge h, and the estimated shape of the artifact corresponding
to the input vertices of h. It first checks if the same function with
the same input and parameters has been executed before. Thus, it
checks if the same edge exists in the history graph by performing a
look-up in a hash map (achieved in amortized O(1)), and if this is
the case, it simply retrieves the cost of a past execution. Otherwise,
it uses a model from the model repository to estimate the cost.

The model repository contains regression models for each oper-
ator and function combination. Specifically, the number of models
equals the number of operators multiplied by the number of func-
tions per operator. For example, in sklearn, the StandardScaler
operator implements both the fit and transform functions. Con-
sequently, two models are stored in the repository: Standard-
Scaler_fit and StandardScaler_transform. Each model uses
the operator’s configuration parameters as features, along with two
data-related features: the number of samples and the number of
features in the input. Lastly, we collect training data for each regres-
sion model after each Eval step. Once more than ten new training
data points are collected, the relative error in the new training data
is computed, and retraining is triggered if it is above 20%.

Estimate Shape. The estimate_shape procedure inputs the op-
erator, function type, its associated parameters for the hyperedge
h, and the shape of the input vertices. Its implementation differs
based on function types (i.e., fit, predict, transform, evaluate). Fit
functions always output a fitted operator. Predict functions produce
one-dimensional data with a shape of (#input.samples). Transform
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Algorithm 1: Estimate Cost of Pipeline Graph

Input : P: Pipeline_graph, MR: Model_repository, H: History_graph
Output : P: Pipeline_graph_annotated
visited = [P.get_source_vertex()]
Q.enqueue(P.get_source_vertex())
while Q # @ do
v = Q.dequeue_one()
foreach h € v.outgoingHEdges() do
if Yu € h.tail : u € visited then
h.cost = estimate_cost(h.opt, h.type, h.params, h.tail.shape,
MR, H)
8 foreach v/ € head(h) do
9 v’ .shape = estimate_shape(h.opt, h.type, h.params,
h.tail.shape, H)
visited.append(v’)
Q.enqueue(v’)

// Pick a visited vertex from Q

R N

10
11

12 return P

functions are more complex, as their output often matches the in-
put shape (#input.samples, #input.features). However, exceptions
exist, such as Principal Component Analysis (PCA), which outputs
a shape determined by configuration parameter #PCA.components,
resulting in (#input.samples, #PCA.components). Our current im-
plementation allows users to provide a custom estimate_shape
procedure to handle such variations.

4.4 Performance Estimator

This component provides the estimated perf (p) for the model per-
formance of a given pipeline p. CAPS does not directly make the
estimation, but rather relies on the estimations obtained from the
GEN step of the AutoML cycle. We make two distinctions.

If the search strategy of the GEN step is based on Bayesian
optimization (e.g., as in SMAC), the estimated performance is taken
directly from the surrogate model of the Bayesian optimization,
whose goal is exactly that: to estimate the performance of a pipeline.

If GEN uses genetic search (e.g., TPOT), there is no estimation of
the performance of a pipeline, and instead, the actual performance
after the EVL is used as its fitness. Since a pipeline generated in
GEN is the result of mutating a single parent pipeline, or crossing
over multiple parent pipelines [26], a generated pipeline should
improve upon its parent(s). Hence, we estimate the performance of
a pipeline p as the maximum actual performance among its parents.

Although CAPS could easily integrate other estimation tech-
niques, our evaluation verifies that our approach is practical and
efficient, distinguishing potentially good pipelines from bad ones
without having to predict their actual performance.

4.5 Selector

Given a set of generated pipelines P, the goal of the selector is to
identify a subset of them P’ C P for execution. The idea is to select
pipelines on the basis of both their estimated performance and cost.
We formulate this task as a graph optimization problem.

Problem Formulation. The selector operates on the hypergraph
representation P = (V, H) of pipelines with target vertices V7 C V.
We assume that the hyperedges of P are already annotated by the
cost estimator (i.e., each hyperedge h € H is accompanied with
an estimated cost(h)). Furthermore, the selector annotates every
vertex v € V with a performance estimation perf(v) as follows:
Vv € Vr corresponding to the evaluation metric of pipeline p,

perf (v) = perf (p); and Vv ¢ Vr, perf (v) = 0.
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Figure 4: Running example showcasing the select algorithm of CAPS. Given the annotated hypergraph(a), the plan generator
computes the plan for each target vertex V7, Vo, Vi1 (b). The selector computes the marginal gain for each target vertex and
selects V7 (c). It sets the cost of the selected plan’s ( 7,,) hyperedges to zero (d). Lastly, the selector recomputes the marginal gain
for the remaining target vertices and selects Vo, resulting in the final plan =, ,,

When representing functions and artifacts dependencies as a
DAH, a critical concept is B-connection, which is analogous to
connectivity in regular graphs and is defined recursively [9].

DEFINITION (B-CONNECTION). Given a hypergraph P = (V,E), a
target vertex t is B-connected to a source vertex s (B-connected(s, t))
ift=s,or3dhe H,t e head(h) and /\vetail(h) B-connected(s, v).
In a hypergraph, ¥v € V : B-connected(vs, v).

The following definition is the equivalent of a subgraph in di-
rected graphs that encodes a set of paths connecting the source
vertex v, to each target vertex v;.

DEFINITION (PLAN). Given a hypergraph P = (V, H), we define a
plan of a subset of target vertexes V. C Vr as a subhypergraph of P,
nV/T(P) = (V’, H") where the following holds:

VCVAH CH;and

Viu{v} C V';and

Vv € V' : B-connected(vs, v) in nv/T(P); and

Vv e V' \{vs} : 3'h € H' so that v € head(h); and
YveV :(Bhe H :ve htail > ve Vr)

A hypergraph constructed from a set of pipelines always forms a
plan. Conversely, not every subhypergraph corresponds to a subset
of pipelines. For a subhypergraph to represent a valid subset, it
must be a plan—in which case, the subset of pipelines it encodes
are those whose target vertices remain in the subhypergraph.

Note that the average estimated pipeline cost of plan 7 is given
by the sum of the cost-values of its hyperedges divided by the
number of target vertices, i.e., cost(7) = |‘+/r| D hety cost(h). Further,
observe that the average estimated pipeline performance of 7 is
the average of the perf-values of its target vertices, i.e., perf (P’) =
27 Zvev; perf (1)

Using hypergraph notation, the pipeline selection problem can
be reformulated as follows?.

PrROBLEM. Given a hypergraph P = (V, H), and a target number
N of pipelines to select, the pipeline selection problem is to find a plan
ﬁV/T(P) = (V’, H’) that maximizes the objective:

(1-21) Z perf(v) — A Z cost(h),
VEV;. heH’

2The common factor V]’

A

is omitted from the objective.
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Algorithm 2: Pipeline Selection Algorithm

Input: P: Pipeline_graph annotated, N: number of pipelines to select, A: cost weight
Output: 7: plan
M « Vertex_Plan_Generator(P)
7« 0 //Initialize plan
VT « get_target_artifacts(P)
for k € [1.N] do

foreach v € V7 do

| v-MG « (1=2) - perf(v) = A - cost(M[v])

v.MG

// Get plans for each vertex

// Compute marginal gain
V¥ argmax,¢ vy
Vr v\ {v'}
T —mUn[v¥]
set_cost_to_zero(I, M[v*]) // Set cost to zero for all other uses of edges in M[v*]

// Remove v* from target artifacts

C % N oawm AW N R

=
= 2

return

Subject to the constraint: |V}| =N.

We note that this problem is related to the net worth maximization
problem [16] for regular graphs, which is known to be NP-hard,
with the additional constraint that the subgraph must meet the
requirements for being a plan.

Algorithm: Pipeline Selection. We use an effective greedy algo-
rithm whose pseudocode is in Algorithm 2. It takes as input a
hypergraph representing all possible pipeline configurations, the
constraint N, and a parameter A to balance performance and cost
estimations during selection. The algorithm progressively builds
and outputs a plan ava (or simply ) for the selected V7 target
vertices, representing the selected pipelines. An example of the se-
lection algorithm is shown in Figure 4, as a continuation of the one
in Figure 2. In Figure 4a, we show the annotated input hypergraph
representation P of the pipelines with targets V1 = vy, vo, v11.

The Selector first receives the hypergraph P, representing the
| Vr| possible pipelines, and uses Algorithm 3 to retrieve a plan for
each vertex in P, enabling the estimation of the cost associated with
computing this vertex as the sum of the costs of the hyperedges in
its plan (line 1). Figure 4b shows an example plan for each target
vertex; we list only the hyperedges in each plan (without costs).

After, the output plan is initialized, the target vertices V7 are
retrieved from P and a for loop is initiated, which computes the
marginal gain (MG) for each target vertex, considering both per-
formance and cost estimations, weighted by A (lines 5-6). The
hyperedges participating in this vertex plan are used to estimate
the cost, cost(M[v]) = Xenpy H-cost (line 6). In Figure 4c, we
compute the marginal gain of each plan, assuming a A = 0.5. The
target resulting in the highest MG is v;.



Algorithm 3: Vertex Plan Generator

Input: P: Pipeline_graph

Output: List of plans 1 where each 77, € Misaplan 7, = (Vi , Hr, )

Vs < P.get_source_vertex()

Tlyg < {vs}

M {vs:my}

visited = [ vs]

Q.enqueue(vs)

while Q # @ do

v « Q.dequeue_one()

foreach h € v.outgoingHEdges() do

if Vu € h.tail : u € visited then

e~ o
foreach u € h.tail do
L 7 — a* unfu]
7%« m* Uhhead U {h}
foreach v/ € h.head do
L visited.append(v')

Q.enqueue(v")
ny')]=n*

After choosing the target vertex that maximizes the marginal
gain (line 7), this is removed from the set of target vertices (line 8)
and its plan is integrated with 7 (line 9). Furthermore, the costs of
the plans for the remaining vertices is reestimated by identifying
the hyperedges that take part in the already selected plan and
updating the plans of the remaining vertices by setting the cost of
the already selected hyperedges to zero (line 10). This process is
repeated iteratively until the N of pipelines are selected.

// Pick a visited vertex from Q

® NG R W N e

// Temporary plan

18 return [l

Algorithm: Vertex Plan generator. Algorithm 3 receives a pipeline
hypergraph P and, by performing a single BFS-like traversal (similar
to when estimating the cost in Algorithm 1), it computes the plan
for each vertex in P. It maintains a list I'1 of key-value pairs, with the
key being a vertex v and the value being its plan 7,. The algorithm
starts by initializing the entry for the source vertex vs, whose plan
7y, is the vertex itself, adds it to list I1, marks v, as visited and adds
vs into a queue Q (lines 1-5). After a while loop is initiated (line 6),
which in each iteration, dequeues one vertex v (line 7), and checks
if any outgoing hyperedge h from v (line 8) is ready to be traversed,
i.e., all vertices in its h. tail were visited (lines 9). If all were visited,
meaning their plans were computed and stored in [1, then the plan
for each vertex in h.head is ready to be computed (actually the
same for all of them). Thus, to compute the plan of h.head, we
integrate the plans of each vertex in h.tail, adding h and h.head
to complete the plan (lines 10-13). Lastly, since the plan for each
vertex in h.head is computed, these vertices are marked as visited,
added to the queue, and their plans added to I (lines 14-17).

Complexity Analysis. The computational complexity of Algo-
rithm 1, and Algorithm 3, depends on the number of vertices V and
hyperedges H in the pipeline representation P. Both algorithms per-
form a single BFS-like pass over the hypergraph, visiting each hyper-
edge and vertex once, resulting in a time complexity of O(|H| - |V|).

The pipeline selection algorithm (Algorithm 2) depends on the
number of target vertices |Vr| and hyperedges |H| in P and N,
the number of pipelines to select. It performs N iterations, and in
each iteration, it computes the marginal gain for | V7| vertices and
updates their plans. In the worst case, all hyperedges |H| in P are
updated, leading to a worst-case time complexity of O(N-|Vr|+|H|).
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Dataset

philippine
jasmine
jannis
helena
fabert
dilbert
robert
albert
digits
dionis

# Rows
# Columns

5,832
309

2,984
145

83,733
55

65,196
28

8,237
801

10
2,001

10
7,201

425,24
79

1,797
65

416,188
61

Table 1: Dataset details used in experiments

5 EXPERIMENTAL EVALUATION

Implementation. CAPS is implemented in Python (3.10), uses
NetworkX (3.1) for graph representation, and integrates seamlessly
with AutoML frameworks: TPOT (0.12.2) [26] for genetic search
and SMAC (2.2.0) [23] for Bayesian search. CAPS interfaces with
HYPPO [17] extending its Parser and History Manager.

Cluster. Experiments ran on the DRAGON2 cluster [40], which
runs Slurm 24.05.2 on 17 nodes, each with 2X Intel Skylake 16-cores
Xeon 6142 processors (2.6 GHz), 192GB RAM (15 nodes) and 384GB
RAM (2 nodes), 3.3TB RAID-0 disks, interconnected on 10GbE
network running Rocky Linux 8.10 (Green Obsidian).

Datasets. We experiment with ten popular datasets [2] com-
monly used in AutoML benchmarks, research, and challenges. To
ensure a balanced evaluation, we select 50% small to medium-sized
(Msamples X Pfeatures < 10,000, 000) datasets (philippine, jasmine, jan-
nis, helena, fabert) and 50% large datasets (dilbert, robert, albert,
digits, dionis). This contrasts with many other AutoML evaluations,
where only 10-20% of the datasets are medium-sized and 80-90%
small. Table 1 shows datasets statistics: number of rows (instances)
and columns (features plus target) for each benchmark.

Operators. We adopt TPOT’s standard configuration space com-
prising 32 operators: 14 preprocessors (6 scalers, 5 transformers,
2 decomposition methods, and 1 encoding), 5 feature selectors (3
statistical and 2 model-based selection), and 13 classifiers (3 linear,
4 tree-based, 3 probabilistic, 1 neural, and 2 other approaches). Each
operator includes its standard hyperparameter ranges; e.g., tree-
based methods use max_depth € [1, 11], regularization parameters
C € [1074,25], and ensemble methods default to 100 estimators. All
experiments use 3 random seeds for reproducibility. The complete
configuration can be found on the paper’s companion website [4].

Method. First, we investigate CAPS performance impact on two
AutoML search algorithms: genetic algorithms and Bayesian op-
timization. In addition, we evaluate how CAPS relates to two ad-
vanced techniques: early stopping with successive halving and
warm-starting with meta-learning. Next, we scrutinize the effective-
ness of CAPS components: cost estimator, performance estimator,
selector, along with computation and memory overheads.

5.1 Comparison with AutoML Systems

5.1.1 Baselines. Comparing AutoML systems is challenging, as
each defines its own search space and hence, it is tough to determine
whether a performance advantage is due to a better search strategy
or a more effective search space [10]. Hence, for fair evaluation,
we ensure that all baselines use a shared search space and exam-
ine CAPS’s impact when integrated with two strategies: Bayesian
optimization and genetic algorithms. Both are evaluated using the
same set of operators and hyperparameters, generating pipelines
that include preprocessing, feature selection, and model training.
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Figure 5: Performance vs. cost: TPOT (left) and SMAC (right)
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Bayesian. Most AutoML systems that employ a Bayesian opti-
mization search strategy (e.g., Auto-PyTorch [46], Auto-sklearn [8],
and Auto-WEKA [38]) rely on SMAC [23]. We consider two SMAC
configurations: the default, which only uses an estimate of improve-
ment, and a cost-aware variant that incorporates a cost function
to compute the Estimated Improvement per Second (EISec) [36].
The latter trains two surrogate models to predict cost and per-
formance, which are also used by the acquisition function. While
SMAC includes built-in support for ElSec, it does not mandate spe-
cific surrogate model types. We adopt Random Forests for both
cost and performance prediction, following SMAC’s defaults. Both
SMAC and SMAC+EISec are configured with 3 key parameters: the
number of initial pipelines to evaluate (set to 20, as in Auto-sklearn),
the number of pipelines evaluated before retraining the surrogate
model (default: 8), and the choice of acquisition function (expected
improvement for SMAC and EISec for SMAC+EISec).

Genetic. Genetic algorithms are used in AutoML systems such
as TPOT [26] and GAMA [11]. We focus on TPOT due to its popu-
larity (9K+ GitHub stars) and also implement a cost-aware variant,
TPOT+ECI, which incorporates the Estimated Cost for Improve-
ment (ECI) strategy from FLAML [42]. ECI tracks both performance
and execution cost across learners by computing deltas; since we
operate on full pipelines, we group them by learner so that all
pipelines with the same learner share an ECI value. Both TPOT and
TPOT+ECI use the same configuration: a population size of 50 and
100 generations, resulting in 5,000 pipelines evaluated per run.

Thus, we evaluate two variations of CAPS: CAPS/B, which in-
tegrates our approach with SMAC, and CAPS/G, which integrates
it with TPOT. CAPS/G employs a parent-based performance es-
timator, while CAPS/B uses a model-based estimator, as detailed
in subsection 4.4. CAPS leverages the parameter A to control the
trade-off between performance and cost.

5.1.2  Comparison. To demonstrate the practicality and benefits
of CAPS within an AutoML system, we first analyze the trade-off
between performance and cost. We then evaluate CAPS in two use
cases, each reflecting a different constraint scenario.

(a) Exploring the trade-off between performance and cost: The user
aims to execute a fixed number of pipelines (1,000). For each ap-
proach, we report the average and maximum performance achieved,
along with its throughput in pipelines per hour.

(b) Target performance constraint: The user prioritizes achieving
a target performance ranging from 96% of the best-performing
pipeline in terms of accuracy to 100%, and we evaluate how many
resources different approaches use to achieve that.

(c) Time budget constraint: The user aims to identify the best-
performing pipelines within a fixed time budget, evaluating scenar-
ios with time limits ranging from 30 minutes to 16 hours.
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We present results separately for genetic and Bayesian search.
For Bayesian search, we compare SMAC and SMAC with ElSec
(SMAC+EISec), against CAPS integrated with SMAC (CAPS/B). For
genetic search, we compare TPOT and TPOT+ECI, against CAPS
integrated with TPOT (CAPS/G). In both cases, we use for CAPS
four extreme values of A (0.0, 0.1, 0.9, and 1.0) and a median value
(0.5), which we refer to as CAPS/B/A and CAPS/G/A, respectively.
Note that we apply min-max normalization to cost, ensuring that
A = 0.5 represents an equal weighting of cost and performance.
As AutoML introduces randomness, we ran each experiment three
times with different seeds, and report average values.

(a) Exploring the trade-off between performance and cost. We set
a pipeline constraint of evaluating 1000 pipelines for each approach
to explore the trade-off between performance and cost (throughput).
Pipeline constraints are the default in AutoML systems, as defining
an efficient time budget or a target performance constraint requires
additional knowledge of the problem’s complexity. Figure 5 plots
average throughput (pipelines/hour) on the x axis and normalized
performance (mean and max, normalized by the baseline’s mean
performance) on the y axis across datasets and seeds.

In genetic search, Figure 5(left), CAPS/G variants with A = 0.1
and A = 0.5 offer higher mean performance and higher throughput,
outperforming TPOT, TPOT+ECIL, and CAPS/G/0.0. CAPS/G/1.0
achieves the highest throughput (10x faster) with slightly lower
maximum performance compared to TPOT. CAPS/G/0.9 behanves
similar to CAPS/G/1.0, with higher throughput and lower maximum
performance than TPOT, presenting a performance-cost trade off.
TPOT, TPOT-ECI, and CAPS/G/0.0 achieve competitive maximum
performance but suffer from lower throughput, and their inability
to handle timeouts reduces their overall mean performance.

In Bayesian search, Figure 5(right), CAPS/B/0.5 and CAPS/B/0.9
offer the best balance between performance and throughput. CAP-
S/B/1.0 achieves the highest throughput (10X faster) but with re-
duced maximum performance, while SMAC and CAPS/B/0.0 retain
higher maximum performance at the cost of significantly lower
throughput. SMAC+EISec is slightly more efficient than SMAC.

Overall, the top-performing approaches are CAPS/G/0.1 and
CAPS/G/0.5 for genetic search, and CAPS/B/0.5 and CAPS/B/0.9
for Bayesian search. As discussed in Section 5.2(c), when CAPS is
integrated with an AutoML system that makes model-based pre-
dictions, such as SMAC, it benefits from improved performance
estimation, enabling the use of higher A values without discarding
high-performing pipelines. All in all, CAPS/A = 0.5 consistently
balances performance and throughput across both search strategies,
reinforcing the advantage of combining cost and performance in
the search process. Thus, in the remainder of the evaluation, to
enhance readability, we further evaluate CAPS with A = 0.5.
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Figure 7: Time budget constraint: TPOT(left) and SMAC(right)

(b) Target performance constraint. An alternative to pipeline con-
straints is to impose a performance goal and measure the time it
takes each method to achieve that goal. Figure 6 shows the average
cumulative time (across datasets) required to reach increasing per-
centages of the maximum performance achieved by the respective
baselines after a 24-hour run (TPOT for genetic search, SMAC for
Bayesian search). Additionally, we report the average speed-up
(across datasets) achieved compared to the respective baseline.

In genetic search, Figure 6(left) shows that CAPS/G/0.5 reaches
all target performance constraints (from 96% to 100%) faster than
TPOT and TPOT+ECI. The average speed-up of CAPS across the
datasets over TPOT ranges from 8.1x at 96% to 1.9 at 100%. While
TPOT+ECI performs well up to 98%, its time increases sharply at
higher goals. In contrast, CAPS/G/0.5 outperforms the baseline in
all constraints, including 100%.

In Bayesian search, Figure 6(right), shows that CAPS/B/0.5 con-
sistently outperforms SMAC and SMAC+EISec across all perfor-
mance goals. Notably, CAPS/B/0.5 reaches 96% of SMAC’s perfor-
mance up to 4X faster and achieves 100% performance in signifi-
cantly less time (5.5% faster than SMAC). SMAC+EISec performs
worse than SMAC for all performance constraints, as it constantly
misses the best-performing executions.

Overall, our finding show that CAPS, with A = 0.5 to balance
cost and performance, achieves fast convergence. In contrast, ap-
proaches that do not balance these factors, such as SMAC+EISec,
require significantly more time to reach top performance levels.

(c) Time budget constraint. Finally, we also evaluate each ap-
proach under time constraints, a standard criterion in AutoML re-
search. Given a time limit, we take the highest model performance
achieved within that constraint and normalize it by the maximum
performance achieved by the corresponding baseline (TPOT for ge-
netic search and SMAC for Bayesian search). We report the average
normalized maximum performance across datasets and seeds.

In genetic search, Figure 7(left) shows that CAPS/G/0.5 achieves
significantly higher normalized performance under the shortest
time budget (30 minutes), exceeding 15% improvement across datasets.
As the time budget increases, performance differences between
methods narrow, and all approaches converge toward the TPOT
baseline. This is expected, as all methods explore the same search
space and, given time, eventually reach similar performance.

In Bayesian search, Figure 7(right) shows that CAPS/B/0.5 consis-
tently outperforms both SMAC and SMAC+EISec, starting with a 2%
performance gain at the 30-minute mark and reaching its peak rel-
ative improvement of 5% after one hour of execution. SMAC+EISec
shows a slight dip in performance at intermediate budgets (2-4
hours) before recovering at 16 hours. As with genetic search, given
time, all approaches gradually converge to similar performance.
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5.1.3  Advanced AutoML Techniques. As discussed in Section 2, Au-
toML systems often use performance boosters, such as early stop-
ping and warm starting with meta-learning. We extend our analysis
to evaluate how CAPS is affected by such techniques. Specifically,
we consider popular approaches for each: Hyperband [21] and
BOHB [7] for the former, and Auto-sklearn [8], for the latter.

Early Stoping. Hyperband [21] (HB) is a bandit-based, early stop-
ping technique that creates buckets and evaluates pipelines with
less budget. Here, we consider the dataset size as the budget, so
Hyperband trains most pipelines in a subset of the dataset and
only the good ones in the full dataset. We also employ an alterna-
tive, BOHB [7], that replaces the multi-bandits approach of Hyper-
band for generating pipelines with a Bayesian model (KDE, kernel
density estimator - based surrogate model). For comparison, we
consider SMAC with Hyperband (SMAC/HB) using a RandomFor-
est Bayesian approach. We also extend CAPS with Hyperband
(CAPS/G/05/HB) using the setup of Section 5.1.2-(target perfor-
mance constraint), changing the baseline to Hyperband.

Figure 8(left) shows that all approaches with HB achieve faster
results as they are trainning in a subset of data. SMAC does not
have any cost awareness and it is almost 10X slower. CAPS without
hyperband has benefits over SMAC, but is better than Hyperband
after the 99% target, and at 100% has an average speed up of 1.7
across datasets. Lastly, CAPS/B/0.5/HB consistently outperforms
Hypeband across targets, starting for 1.7% at 96% and reaching up
to 4.7% across speed up across datasets, showcasing the additive
betefits of using early-stopping with our selection. Overall, the
results show that early stopping provides additional benefits to all
methods compared. Still, it is worth noting that CAPS, even without
HB, outperforms all approaches both, with or without HB.

Warm Starting. To illustrate how CAPS interacts with warm
starting, we use Auto-sklearn (ASKL) [8], which warm-starts via a
portfolio-based meta-learning scheme: pipelines are drawn from a
predefined set using a k-nearest neighbors (k-NN) model trained on
dataset metadata. For our evaluation, we restrict ASKL to operators
in our search space (i.e., the portfolio matches the space), disable
ensembling, and cap each evaluation at 5 minutes. We consider two
ASKL variants: plain ASKL (no meta-learning) and ASKL/MT (with
meta-learning). We also integrate the ASKL portfolio into SMAC by
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replacing SMAC'’s initial selection so that pipelines come from the
portfolio; as a result, CAPS can select in a cost-aware fashion. We
denote meta-learning versions as SMAC/MT and CAPS/MT. We use
the setup of Section 5.1.2-(target performance constraint), chang-
ing the baseline to ASKL/MT. Each method generates 25 pipelines
before the Bayesian search begins (as the default for ASLK).
Figure 8(right) shows that all approaches outperform ASKL/MT.
In chasing high-performance pipelines, ASKL/MT suffers the most
timeouts (up to 150 pipelines - 12.5 hours), slowing optimization.
ASKL and SMAC randomly choose initial pipelines and yield simi-
lar gains (1.3% and 1.5% at the 100% target). SMAC/MT randomly
selects from a similar portfolio, indicating that random selection
can outperform ASKL’s k-NN chooser when timeouts are in place.
Moreover, CAPS/B/0.5 beats SMAC/MT, showing that cost aware-
ness matters as much as meta-learning under tight timeouts. Finally,
CAPS/B/0.5/MT selects from the portfolio in a cost-aware way (by
expected cost), reaching 96% 4X faster and 100% 3Xx faster.

5.2 Scrutinizing CAPS

To further measure the effectiveness of CAPS, we investigate three
research questions: (a) How good are the Cost Estimator function-
level predictions? (b) How good is the Cost Estimator for rank-
ing and selecting pipelines based on their cost? And how does it
compare to other approaches? (c) How good is the Performance
Estimator for ranking and selecting pipelines based on their per-
formance? (d) What is the computation and memory overhead in-
troduced by CAPS? (e) How good is our linear heuristic compared
to other heuristic approaches, and how does our greedy algorithm
compare to a more accurate approach, such as beam search?

(a) Cost Estimator function-level predictions. The Cost Estima-
tor relies on a repository of regression models (one per operator’s
function) for predictions. To build the repository, we trained pop-
ular regressors from scikit-learn with default parameters: Linear-
Regression, RandomForestRegressor, GradientBoostingRegressor,
KNeighborsRegressor, and ExtraTreesRegressor. For each function,
we selected the model with the lowest Mean Absolute Percentage
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Error (MAPE). For evaluation, we used training data comprising 100
points (different operator configurations) per dataset (10 datasets),
per operator (32 operators), and per function (1-3 functions), to-
taling 1000 points per model. The test set includes 10 points per
dataset, leaving 910 points for training and 90 for testing. Since
execution times range from milliseconds to minutes, to ease the
readability, we report MAPE and Mean Absolute Error (MAE) across
test set groups: <1 sec, <1 min, <2 min, <4 min, and > 4 min.
Figure 9 shows that the absolute error increases with execution
time while the relative error decreases. We aimed for a relative error
below 20% at the function level, as execution variance can naturally
reach this threshold. The high MAPE for low-cost functions (<1
sec) is negligible, as the absolute error remains under 1 second.

(b) Cost-based pipeline ranking and selection. To assess the Cost
Estimator’s efficiency at the pipeline level, we evaluate its ability
to rank and select top pipelines by estimated cost. Using TPOT, we
generate 100 pipelines per iteration for 10 iterations across multiple
datasets, then rank and select the 50 cheapest pipelines. We mea-
sure ranking performance with Spearman correlation and selection
accuracy with Jaccard similarity, averaging these metrics across
iterations. We compare our selection with the optimal selection
and report the average absolute and relative error per pipeline. To
compare with past approaches, we use SMAC that trains a Ran-
domForestRegressor over the whole pipeline space, the same model
used in (EISec) [36]. This non-pretrained model is trained after ev-
ery iteration finishes. For a fair comparison, the model trains on the
first 100 pipelines, after which the prediction MAPE is measured.

Figure 10a shows that overall, CAPS achieves a Spearman cor-
relation above 0.7, except for the fabert and dionis datasets. As
Spearman measures ranking accuracy, we further examine Jaccard
similarity between the estimated and optimal Top-50 pipelines. Fig-
ure 10a shows that overall, the similarity remains above 0.7, and
exceeds 0.8 in 7/10 datasets. Figure 10b illustrates the average rela-
tive and absolute extra cost per pipeline compared to the optimal
selection. In most datasets, our selection performed well with a rela-
tive extra cost below 30%. However, in the fabert and albert datasets



there were relative additional costs of 1x and 2x per pipeline, re-
spectively. This result reflects the expected limitations of CAPS, and
highlights a potential improvement opportunity by incorporating
dataset-specific features; an interesting topic for future work.
Figure 10c compares the black-box model used by SMAC/EISec,
which trains a Random Forest regression model, with our fine-
grained approach. Since our model is pretrained, we measure the
MAPE of SMAC’s predictions after an initial EISec phase of 100
pipelines. We then compute the MAPE over the next 100 pipelines
and repeat this process for each of our 10 datasets. CAPS consis-
tently achieves a MAPE below 100% across all datasets, whereas
SMAC’s model exceeds 100% on fabert, albert, and digits, and even
surpasses 200% on dilbert and helena. This highlights the limitations
of relying on a single model to learn such a high-dimensional space.

(c) Performance-based Pipeline ranking and selection. We assess
performance-based pipeline ranking and selection using Spearman
correlation and Jaccard similarity. Figure 11a shows results using the
proposed parent-based estimation for performance. Our heuristic
approach achieves a similarity above 0.6 with the optimal selection
and exceeds 0.8 for two datasets. However, it fails to achieve an ac-
curate ranking. Notably, within an iteration, multiple pipelines may
be generated from the same parent, leading to identical estimated
performance values, which rarely hold in practice.

Figure 11b shows the performance estimation when CAPS is inte-
grated with a model-based approach, here, a RandomForest model.
Using a predictive model achieves a 0.7 Jaccard similarity across all
datasets and surpasses 0.8 in 4 out of 10 cases. While this approach
outperforms the heuristic method, it requires constant model re-
training at runtime, adding computational complexity. In contrast,
parent-based estimation adds no significant complexity or compu-
tation overhead, making a practical solution for many use cases.

(d) Computational and Size overhead. Figure 11c, presents the
average execution time per iteration for candidate sizes N = {10, 50,
100, 500, 1000} on the jannis dataset, decomposed into pipeline
generation (GEN), evaluation (EVL), and selection (SEL). The SEL
step includes performance estimation (PERF), parsing (PARSER),
hypergraph checking (HG), cost estimation (COST), and the selec-
tion algorithm (SEL_ALG). Evaluation (EVL) dominates runtime,
increasing from 68 seconds at N = 10 to over 10,617 seconds at
N = 1000, while GEN (99 seconds at N = 1000) and SEL (315 seconds
at N = 1000) contribute minimally, confirming that the proposed
selection introduces negligible overhead compared to EVL.

Within SEL, cost estimation (COST) is the primary contributor,
taking 275 seconds at N = 1000 due to model retrieval and inference
for new hypergraph edges. SEL_ALG scales linearly, growing from
0.1 seconds at N = 10 to 30 seconds at N = 1000, supporting our
complexity analysis. Memory usage for the hypergraph averages
17.739 MB (ranging from 5.112 MB to 101.388 MB for 2101 pipelines),
indicating modest space costs relative to computational savings.
As EVL remains the main bottleneck, future work could optimize
COST through batch model retrieval to further reduce overhead.

(e) Alternative designs for the Selector. In Figure 12, we compare
our Greedy algorithm with three alternative design choices, using
the setup of Section 5.1.2-(target performance constraint). TopKPerf
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ranks pipelines solely by estimated performance; since cost is ig-
nored, it is neither particularly fast nor effective at achieving high
performance. Perf/Cost ranks by the ratio of performance to cost,
which makes it faster but also biases the search toward the cheapest
pipelines, as cost dominates the denominator. Finally, Beam search
explores a richer set of candidates and consistently finds better so-
lutions than the Greedy baseline, though this comes at the expense
of substantially higher computational effort, up to 5x more than
Greedy. Note that Beam search with k parameter set to 1 resembles
CAPS Greedy. Here, we show Beam search performance with k set
to 5; higher k leads to better solutions but at a higher compute cost.

Discussion. In CAPS, which adds the SEL step, N remains fixed.
GEN generates more than N pipelines, after which SEL selects N. We
generate 2N candidates, a ratio that performed well empirically. The
parameter A controls the cost—performance trade-off: A = 1.0 favors
low-cost pipelines, enabling faster discovery of reasonable solutions
but potentially missing high-performing ones (Figure 5). Lower
values prioritize performance at the cost of longer evaluations.

6 CONCLUSION

We introduced CAPS, a cost-aware AutoML approach optimizing
both pipeline performance and computational cost. By integrating
an intermediate selection step into existing search strategies (e.g.,
genetic, Bayesian), CAPS uses a hypergraph to avoid redundant
evaluations and a function-level cost estimator to greedily select
efficient pipelines. Experiments show that CAPS accelerates genetic
and Bayesian searches by up to an order of magnitude and 5x,
respectively. It consistently improves performance under tight time
budgets and reduces execution time by up to 10x when prioritizing
cost. CAPS also supports complementary techniques like warm-
starting and early termination. Future work includes incorporating
a diversity metric [30, 34] as a third selection objective, extending
CAPS’s efficiency benefits to ensemble-based AutoML tools.
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