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Abstract

In many real-world scenarios, acquiring all features of a data in-
stance can be expensive or impractical due to monetary cost, latency,
or privacy concerns. Active Feature Acquisition (AFA) addresses this
challenge by dynamically selecting a subset of informative fea-
tures for each data instance, trading off predictive performance
against acquisition cost. Numerous methods have been proposed
for AFA, ranging from myopic information-theoretic strategies to
non-myopic reinforcement learning approaches. However, a fair
and systematic evaluation of these methods remains difficult due
to the lack of standardized benchmarks. In this paper, we introduce
AFABench, the first benchmark framework for AFA. Our bench-
mark includes a diverse set of synthetic and real-world datasets,
supports a wide range of acquisition policies, and provides a modu-
lar design that enables easy integration of new methods and tasks.
We implement and evaluate representative algorithms from all ma-
jor categories, including static, myopic, and reinforcement learning-
based approaches. To test the lookahead capabilities of AFA policies,
we introduce a novel synthetic dataset, CUBE-NM, designed to ex-
pose the limitations of myopic selection. Our results highlight key
trade-offs between different AFA strategies and provide actionable
insights for future research. The benchmark code is available at:
https://github.com/Linusaronsson/AFA-Benchmark.
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1 Introduction

In many real-world applications, acquiring feature values of data in-
stances can be costly. In healthcare, different medical tests can have
monetary cost, latency, or privacy concerns [29]. In recommender
systems, querying user preferences can impose a cognitive burden
or intrude on privacy [13]. Similar constraints arise in sensor sys-
tems and robotics, where measurements require power, time, or
motion [15, 16]. In such cases, acquiring the full set of features for
every data instance may be infeasible or inefficient. Active Feature
Acquisition (AFA) addresses this challenge by learning to dynami-
cally select, for each data instance, a small subset of informative
features to acquire, optimizing predictive performance under a
constrained acquisition budget.

Unlike static feature selection, which selects the same set of fea-
tures for every example, AFA enables instance-wise decisions: the
features selected for one instance can differ from those selected for
another. This flexibility makes AFA more realistic and efficient in
domains where the informativeness or relevance of features varies
between instances. Moreover, since acquisition is sequential, AFA
policies can condition future acquisition decisions on previously
observed feature values, mirroring expert decision-making strate-
gies such as in clinical diagnosis, where test results guide further
examination.
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Despite its relevance and importance, AFA has until recently
received less attention than adjacent topics such as active learning
[27]. In active learning, all features are typically available, and the
goal is to selectively acquire costly labels. In contrast, AFA assumes
that both labels and features are available during training, but only
partial features can be acquired at test time. AFA is also different
from static feature selection methods, which fix a global subset of
features regardless of the test instance. For comprehensive reviews
of traditional feature selection methods, we refer the reader to
(4,11, 18].

A recent survey by Aronsson et al. [2] categorizes AFA methods
into several paradigms. At a high level, the literature can be divided
into (i) myopic methods, which select features by maximizing a
one-step utility without explicit long-term planning, and (ii) non-
myopic methods, which optimize long-term utility and are often
formulated within a reinforcement learning (RL) framework. By
learning policies that account for future acquisitions, non-myopic
methods can yield lookahead strategies that outperform myopic
selection in certain regimes. Section 4.1 details the AFA methods
considered in this work. A central question in this benchmark is
whether the additional computational cost of non-myopic planning
is justified relative to simpler myopic heuristics.

Although this body of work has grown considerably in recent
years, progress is hindered by the lack of a standardized and unified
evaluation framework. Most existing methods are evaluated in isola-
tion using inconsistent datasets, model architectures, or acquisition
costs. To our knowledge, no prior work has provided a dedi-
cated benchmark for the AFA setting. This makes it difficult to
perform fair comparisons or gain generalizable insights.

This paper introduces the first benchmark for AFA. We present
a unified and extensible framework for comparing AFA methods
under controlled, fair, and reproducible conditions. The benchmark
supports a diverse collection of synthetic and real-world datasets
and includes representative algorithms across the main method-
ological categories: myopic approaches (both generative and dis-
criminative), non-myopic approaches (including model-free RL,
model-based RL, and non-RL variants), as well as static baselines.
Crucially, the framework is modular and extensible, enabling
researchers to incorporate new methods, acquisition strategies, and
datasets with minimal engineering effort. This makes our frame-
work a valuable tool for both researchers developing new AFA tech-
niques and practitioners seeking to apply AFA in domain-specific
tasks.

Our main contributions are:

o We introduce AFABench, the first benchmark for Active Feature
Acquisition, allowing standardized and fair comparisons across
a wide range of methods and settings.

e Our framework is modular and extensible, making it easy to
add new AFA methods, datasets, and evaluation protocols.

e We implement and evaluate representative methods from all
major paradigms, including myopic methods (generative and
discriminative), non-myopic methods based on RL (model-free
and model-based), non-myopic methods without explicit RL, and
static feature selection.

o We propose a novel synthetic dataset, CUBE-NM, that highlights
the limitations of myopic strategies and provides a testbed for
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evaluating non-myopic acquisition policies (which we justify

theoretically, see Theorem 4.1).

To promote reproducibility and future development, our bench-
mark is open source and available at: https://github.com/Linusar
onsson/AFA-Benchmark. It contains step-by-step instructions on
how to extend the benchmark with new models and new datasets.

2 Problem Formulation

In this section, we introduce the AFA problem and the relevant
notation used throughout the paper.

2.1 Notation

Letx = {x1,...,%X4} € X denote a data instance with d features, and
let y € Y be the corresponding response variable in a supervised
learning setting. We assume that (x,y) is distributed according to
a joint data distribution p(x,y). Throughout, we use bold symbols
(e.g., X, y) to represent random variables, and their non-bold coun-
terparts (e.g., x, y) to denote specific realizations sampled from the
distribution, i.e., x,y ~ p(x,y). In practice, each x; may correspond
to a single feature (as is typical for tabular data), but it may also
represent a group of features, for example a patch of pixels in an
image. See Section 3 for details. For any subset S C [d] = {1,...,d},
we write xs = {x; | i € S} € X to denote the corresponding subset
of features. For an instance x, acquiring feature i € [d] reveals x;
and incurs the cost ¢; € R*. In addition, we denote ¢(S) £ ;s ¢

for S C [d].

2.2 Active Feature Acquisition

As discussed in Section 1, the AFA problem appears in many vari-
ants. In this section, we describe a common formulation adopted
for our benchmark [2]. In AFA, one learns (possibly jointly) two
functions: (i) a predictor f(S, xs) that produces an output given any
observed subset S C [d] (typically implemented via feature mask-
ing, see, e.g., [2]), and (ii) an acquisition policy (S, xs) € Ap(S),
where

Ap(S) = {aeU:c(S)+c, <B}U{STOP}, (1)

is the set of allowed actions after acquiring S. Here, U = [d] \ S
denotes the set of unobserved features, and B is a per-instance
budget on cumulative feature cost. In practice, the policy often
outputs a distribution over actions. If 7 outputs a feature acquisition
action a € U, we incur cost ¢, and observe x,. We then update S
and U as follows: S «— SU{a} and U « U \ {a}. If instead 7 selects
STOP, we output §j = f(S, xs) and terminate. Let z[x] C [d] denote
the final set of acquired feature indices when the policy stops on
instance x. Given this, the optimization objective for AFA is shown
below.

I}ll;l Ex,yEir [[(f(xnlxl )’ Y) + (ZC(IZ'[X])]

st. ¢(r[x]) <B forallx € X.

where a > 0 controls the cost-accuracy trade-off and ¢ is a loss
function. The term « c¢(x[x]) allows the acquisition cost to vary
across instances, enabling the policy to spend more resources on
instances that are harder to predict.

Hard vs. soft budget. From the above, « induces a soft budget
and is therefore referred to as a soft-budget parameter. By contrast, B

@
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imposes a hard budget. A soft budget is beneficial because it adapts
the cost spent per instance. However, selecting an appropriate value
of a can be unintuitive in many applications (as discussed by, e.g.,
[12]). A hard budget B is more natural when resources are strictly
limited per instance and is often easier to interpret. Its drawback
is that some instances may require acquiring features whose total
cost exceeds B to achieve accurate predictions.

A note on terminology. Throughout the paper, the term AFA
method refers to the predictor f and the policy 7 induced by the
method. Some methods learn f and 7 jointly, for instance by train-
ing f on the states (S, xs) encountered under 7 during learning.
Other methods instead pretrain f on randomly sampled states
(S, xs) and then use this predictor when training 7 (optionally
continuing to update f using states encountered under 7). This
distinction is discussed further in Section 3.2.

2.3 Scope of the Benchmark

Most prior work on AFA considers two special cases of (2): (i) the
hard-budget setting, where a = 0 (only a hard budget), and (ii) the
soft-budget setting, where B = c([d]) (all features are, in principle,
acquirable for every instance, so only the soft-budget term matters).
Following prior work, we also focus on these special cases in our
benchmark.

We restrict the scope of our benchmark to methods developed for
the common offline setting, where the goal is to deliver accurate but
cost-effective predictions at test time. In this setting, one assumes
access to a fully observed training dataset D = {(x(?), y(i))}fil of
N iid. samples (x®,y) ~ p(x,y). A predictor f and an acqui-
sition policy 7 are learned on D. Then, for each test instance, the
policy 7 is used to acquire features, and the predictor f produces
a prediction based solely on the acquired subset. Several methods
exist for learning f and 7 based on D.

Finally, we narrow the scope to classification, as this is the main
focus of previous work [2].

2.4 MDP Formulation of AFA

The AFA problem can be formulated as a partially observable Markov
decision process (POMDP) [2]. Equivalently, it can be expressed as a
fully observable MDP by defining the state space as S = {(S, xs) :
S € 2l x5 € Xg}, where a state comprises the set S of acquired
features together with their observed values xg [2]. The action space
and transition dynamics are exactly as described in Section 2.2. In
the standard MDP formulation of AFA, the reward is r((S, xs), a) =
—ac, fora € Ap(S)\{STOP} and r((S, xs), STOP) = —£(f(S, xs), y).
Given this, it is straightforward to show that maximizing expected
return in this MDP is equivalent to (2). This connection was first
established by [8], where model-free reinforcement learning (RL)
was used to learn non-myopic policies for solving (2).

Some RL methods in this benchmark adopt alternative reward
functions, for example by shaping intermediate rewards to reflect
the information gained about the label y, in order to mitigate sparse-
reward issues [14, 32]. Such shaping can, however, bias learning
toward more myopic acquisition strategies. The (PO)MDP underly-
ing AFA is known to be highly intractable (especially for large d),
motivating the development of myopic heuristics. We refer to [2]
for details. The benchmark in this paper investigates whether the
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additional computational cost of non-myopic planning is justified
relative to simpler myopic heuristics.

3 A General Framework for Implementing AFA
Methods

We now describe how we implement the AFA problem introduced
in Section 2.2 in our benchmark. The framework described here
applies primarily to evaluation, since AFA methods may be trained
in arbitrary ways, but consistent evaluation is essential for fair
benchmarking.

To benchmark AFA methods in a standardized manner, we must
make explicit assumptions about their inputs and outputs. During
evaluation, the components of the AFA problem in our benchmark
interact episodically for each instance x € X in the dataset. An
example episode is illustrated in Figure 1, where the instance x € X
is a 4 X 4 feature matrix representing an image.

An Initializer determines which features are observed at
the start of an episode, using either deterministic or stochastic
rules. The resulting masked instance is then passed in parallel to
a Predictor and a Policy. The Predictor produces an interme-
diate prediction g, which is stored for subsequent performance
evaluation but does not otherwise affect the episode dynamics. In
parallel, the Policy outputs an action a;, interpreted either as a
stop decision or as a request to reveal additional feature(s) (see (1)).

Our framework does not require a one-to-one correspondence
between actions and the features to be revealed. Instead, this map-
ping is handled by a separate component, the Unmasker, which
translates actions into the next set of features to reveal. In Figure 1,
at time step ¢ = 0, the Policy outputs ay = 2, which, given the
image setting and the current Unmasker, corresponds to the upper-
right 2 X 2 patch. After the Unmasker reveals the selected features,
the time index is incremented and the episode continues until the
policy selects the stop action or the feature budget is exceeded.

Acquiring features in groups and doing so sequentially (one
group per step), rather than selecting individual features, is a com-
mon strategy for mitigating the computational intractability of the
AFA-MDP in high-dimensional settings [2, 9]. Consequently, when
a user adds a new dataset with a different acquisition scheme, they
only need to implement an Unmasker that specifies the correspond-
ing masking and unmasking rules.

3.1 Cost Accumulation

An episode may terminate when the cumulative cost c(z[x]) ex-
ceeds the budget B (see (2)). Each action selected by the Policy
incurs a cost that depends on both the dataset and the Unmasker,
as illustrated by the image-based example in Figure 2. We assume
that each dataset specifies a fixed cost per feature. Since a single
action may reveal multiple features, the Unmasker is responsible
for determining the set of features revealed by an action and the
corresponding action cost. For image patches, this cost is computed
as the average cost over the features revealed by the patch. Costs are
accumulated over time steps. If the Policy outputs an action that
would cause the budget to be exceeded, the action is overridden
and treated as a stop action.



KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

Some features are
True features

Valter Schitz, Han Wu, Reza Rezvan, Linus Aronsson, & Morteza Haghir Chehreghani

0.6 [ 03] 01
Classifier

2

3.7/(4.3

initially unobserved
1.2((2.1)/3.7 (4.3 1

5.4(6.8((7.98.9

- = -
9.5/10.6/[11.7)(12.2,
13.3||14.1|[15.616.4;

z Some features are
initially observed

t=0 vy

Figure 1: An AFA episode where the instance x € X is an image. The Initializer creates the initial mask, the Policy selects
actions, the Unmasker reveals features, and the Predictor produces predictions from each partially observed state.

714]| 2 4
- 2l —f T
16/10| 6 |13
t
Policy 2
Ay

Figure 2: An example of how an image-based Unmasker cal-
culates the cost of an action by averaging the feature costs
within the selected patch.

3.2 External vs. Internal Predictors

Although Figure 1 depicts the Predictor and Policy as separate
components, some approaches train them jointly [2]. While joint
training can improve performance, it conflates gains due to im-
proved action selection with gains due to improved prediction. To
disentangle these effects, we compute two predictions during eval-
uation: one produced by an external classifier and one produced by
the method’s internal predictor (when available). We focus on the
results based on the external classifier — since it is available to all
methods and enables fairer comparison — but provide results for
the internal predictors in Appendix A.

3.3 Pipeline Stages

The whole pipeline can be executed with a single command, low-
ering the barrier to adoption. To achieve this, we assume that the
construction of every policy can be split into a pretraining and
training stage (both optional), followed by a mandatory evaluation
stage, which uses the same script for all methods and implements
the framework described above. For example, consider a method
that relies on a pretrained external classifier. The pipeline is then as
follows. First, pretrain the external classifier. Next, train the policy
7 using this classifier. Finally, evaluate the resulting policy and
the corresponding predictor on test instances. In addition, some
methods (e.g., AACO [30]) do not require an explicit training stage,
since all computations are performed at inference time. The pipeline
stages are illustrated in Figure 3.

The hard budget B and the soft-budget parameter o are specified
at both training and evaluation time, and may differ between the

Classifier Classifier
"""""" 1 P |
1 Pretraining :—l>i Training —> Evaluation
____________ 1 [P
Policy Policy

Figure 3: The pipeline consists of three stages. Pretraining
and training are optional, while evaluation is mandatory and
shared across methods.

two. This is necessary because some methods use only the soft-
budget parameter during training (for example, RL-based methods),
whereas others use it only at evaluation time (for example, myopic
methods based on (3)). More generally, one can combine an arbitrary
choice of soft and/or hard budgets at training with an arbitrary
choice of soft and/or hard budgets at evaluation, to accommodate
different AFA methods.

4 AFABench: An AFA Benchmark

AFABench is a benchmark of AFA methods that leverages the
implementation framework described in Section 3. It is written in
Python and PyTorch [1] for training and comparing AFA methods
under different conditions. It supports multiple datasets, initializ-
ers, unmaskers, predictors, and policies. Furthermore, the whole
pipeline is executable with a single command, using Snakemake
[22].

As the main focus of this work is to benchmark feature acquisi-
tion policies, neither the Initializer nor the Unmasker is inves-
tigated in-depth. More specifically, only a cold start Initializer
is used, which always sets the initial feature mask to all zeros. A
direct Unmasker is used for almost every dataset, which maps each
action to a single feature. For CUBE-NM, where the context features
are represented in a one-hot format, we additionally use a context
Unmasker with a dedicated action that acquires all context features
at once, since the context features are conceptually a single feature.
Imagenette also uses a different, patch-based image Unmasker, like
the one in Figure 1. Similarly, since benchmarking different types
of classifiers is not the goal, a simple MLP classifier is used for all
datasets except Imagenette, where a Vision Transformer (ViT) is
used [7].
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4.1 Included AFA Methods

As described in the recent survey by Aronsson et al. [2], AFA meth-
ods can be broadly categorized as follows: (i) myopic heuristics,
which perform no explicit planning beyond a one-step lookahead
and are often further classified as discriminative or generative, (ii)
non-myopic methods based on reinforcement learning (RL), which
learn acquisition policies by exploiting the MDP structure underly-
ing AFA (see Section 2.4) and can be divided into model-free and
model-based approaches, and (iii) non-myopic methods that do not
rely on explicit RL.

All myopic methods included in this benchmark acquire the
next feature a € Ap(S) \ {STOP} by maximizing the expected
information gain about the label (relative to its cost):

memi(S,xs) = argmax  I(y;Xq | xs)/ca: ©)

acAp(S)\{STOP}

Here, I(y; X, | xs) = H(y | xs5) — Ex,|xs [H(y | x5,%X4)] denotes the
conditional mutual information (CMI) between y and x,, where H
is the entropy. The myopic methods differ only in how this CMI
term is estimated. Their myopic nature is evident in that they ignore
interactions between x, and the remaining unobserved features in
U, that is, they perform no planning beyond a one-step lookahead.

The benchmark includes at least one representative state-of-the-
art method from each category to provide a broad comparison of
AFA strategies. Among the myopic methods, EDDI [19] estimates
the CMI using a generative model, whereas GDFS [5] and DIME
[9] estimate CMI using discriminative predictors. The model-free
RL-based methods include JAFA [28] and OL [14]. ODIN [32] uses
model-based RL by utilizing an explicit model for planning. AACO
[30] represents a non-myopic approach that does not explicitly rely
on RL, instead using oracle-based lookahead to guide acquisitions.
Finally, CAE [3] is a static feature selection baseline based on global
feature importance. All included methods are summarized in Table
2 in Appendix D.

4.2 Included Datasets

The benchmark covers both synthetic and real-world tasks across
several domains: CUBE, a widely used synthetic dataset for AFA,
and CUBE-NM, a new synthetic dataset introduced in this work
(Section 4.3); MNIST, handwritten digit recognition [17], and Fash-
ionMNIST, grayscale clothing-item classification [31], both treated
as tabular problems by viewing each pixel as a feature; PhysioNet,
ICU mortality prediction based on EHR data from the PhysioNet
Challenge 2012 [10]; MiniBooNE, a particle identification dataset
from the MiniBooNE experiment at Fermilab [23]; ACTG175, a clin-
ical trial dataset from the UCI repository [20]; CKD (chronic kidney
disease) and BankMarketing, both standard UCI tabular datasets
[21, 24]; and Imagenette, a 10-class subset of ImageNet used here to
evaluate patch-based image acquisition [6].

Additionally, we include results for a noiseless variant of CUBE-
NM (CUBE-NM-noiseless) and a variant of CUBE with non-uniform
costs (CUBE-NUC), where the 10 informative features are repeated
in two blocks, but features in the second block cost twice as much
as in the first block. All included datasets are summarized in Table
1in Appendix D.
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4.3 CUBE-NM: A Novel Synthetic Dataset for
AFA

In this section, we introduce CUBE-NM, a dataset for benchmark-
ing non-myopic methods for AFA. We first recall the widely used
CUBE dataset [25, 28, 32], illustrated in Figure 4a. CUBE consists of
20-dimensional real-valued vectors from 8 classes. For each class,
three informative features are drawn from a Gaussian distribu-
tion N (g, 0%) with class-specific mean y, while all remaining fea-
tures are sampled as noise from N (0.5, 52). The locations of the
informative features (and their mean) depend on the class (colored
cells in Figure 4a, where the numbers indicate the corresponding
means). This structure makes CUBE well suited for evaluating
instance-specific (dynamic) acquisition, but it offers limited separa-
tion between myopic and non-myopic methods (shown formally in
Theorem 4.1).

CUBE-NM extends CUBE by adding a context feature that selects
which block of features is informative, while the context value itself
is not predictive under myopic criteria. Concretely, each instance
has a single integer-valued context feature f; € {1,...,n.}. For each
context j € [n.], we associate a block of 10 real-valued features B; =
{ fix10(j=1)+r : 7 =1,...,10 }. Conditional on f; = j, the features in
Bj follow the same informative structure as CUBE (with N (g, %)
for informative coordinates and N (0.5, o) for noise coordinates).
The total dimensionality is d = 1 + 10n.. Figure 4b shows example
instances for the case n. = 2. An optimal policy should therefore
acquire f; to identify the active block, and then query within that
block.

This design creates a setting where myopic methods struggle:
the key first step is to acquire fi, but f; provides no immediate
label information, since I(y; x5 ) = 0 (see (3)). As long as there exist
other candidate features with I(y;x,) > 0, myopic methods will
keep selecting within blocks without first identifying the correct
one. Non-myopic methods can instead pay a small upfront cost to
observe fi, after which they can focus queries in the informative
block. Theorem 4.1 formalizes the benefit of a non-myopic approach
on this dataset.

Theorem 4.1 (Informal). Consider the CUBE-NM dataset with n.
contexts in the noiseless regime o = 0 (such that 100% prediction
accuracy is possible). Assume uniform unit acquisition costs, i.e., ¢;
1 for all i € [d]. Then the myopic CMI policy in (3) requires, in
expectation across instances, 13(2n, + 1) /16 feature acquisitions to
achieve 100% accuracy. In contrast, there exists an optimal (non-
myopic) policy that achieves 100% accuracy after acquiring only
1{n. > 2} + 9/4 features in expectation.

A formal statement and proof of Theorem 4.1 is included in
the extended version of this paper [26]. For n. = 1 and ¢ = 0,
CUBE-NM reduces to CUBE, since fj is constant and can be ignored
by any method (and the noise features f;; — fo0 in CUBE have a
negligible effect when o is small). In this case, Theorem 4.1 shows
that the myopic method is nearly optimal: the optimal and myopic
policies require 2.25 and 2.4375 feature acquisitions in expectation,
respectively. As n, increases, the gap grows linearly. For example,
for n, = 3 we obtain expected costs 3.25 and 5.6875 for the optimal
and myopic policy, respectively. Thus, n. tunes the benefit of non-
myopic acquisition. A useful property is that increasing n. also
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Figure 4: Visualization of (a) CUBE, and (b) our proposed synthetic dataset CUBE-NM.

increases the dimensionality d = 10n. + 1, making it harder to
learn a policy that reliably exploits the larger gap. Finally, while
Theorem 4.1 assumes o = 0, the benefit of non-myopic selection
on this dataset remains for o > 0, since this does not change the
fundamental structure of the dataset.

4.4 Ensuring a Fair Benchmark

In this section, we summarize the key assumptions needed for a
fair and objective benchmark. Notably, nearly all prior AFA studies

violate at least one of the assumptions below, most often the first.

In the extended version of this paper, we discuss these assumptions
in more detail [26].

Hard vs. soft budget. We evaluate soft-budget and hard-budget
settings separately, since existing AFA methods often target only
one and mixing them can confound comparisons. Where possible,
methods are adapted to match each objective. Most existing AFA
work does not make this distinction, which can confound results
by comparing methods that optimize two different objectives.

Common components. All methods are implemented in a
unified framework with shared components kept consistent across
methods. For example, EDDI and ODIN use the same pretrained
partial VAE. In addition, in our experiments using a shared external
predictor (see next point), all methods use the same pretrained
predictor.

Internal vs. external predictor. Because some methods jointly
learn f with the policy 7 while others assume a fixed f, we report
two settings: (i) evaluation with a shared external predictor for all
methods, and (ii) evaluation with the method’s internal predictor
when available.

Consistent RL framework. RL-based methods share the same
overall training loop, differing only in the RL algorithm and reward
definition.

Excluded methods. There exist additional approaches to AFA
beyond the included methods in our benchmark. We exclude these
methods because they are either (i) tied to a specific predictor class
(e.g., decision trees), or (ii) depend on strong assumptions about
the data distribution (e.g., Naive Bayes). In contrast, the benchmark

focuses on general, model-agnostic methods that are compatible
with a broad range of domains and predictors.

Randomness. In our experiments, we report the average perfor-
mance over multiple data splits (i.e., training, validation, and test).
We also include the standard deviation across runs, visualized as
error bars.

Adherence to original architecture. Although the fairest ap-
proach would be to perform extensive hyperparameter sweeps for
each combination of methods/datasets/budgets, this is not realistic
in practice. Therefore, we have opted to use the hyperparameters
presented in the original implementation for each method, although
some exceptions to this rule do exist. For example, when the param-
eters of a method have been tuned to datasets with a small number
of features and we find that it underfits to (Fashion)MNIST, we have
increased the complexity of the model. Some other changes have
been made for consistency reasons.

5 Experiments

As discussed in Section 4, we analyze the soft-budget and hard-
budget settings separately. Here, consistent with most prior work
on AFA [2], we focus primarily on uniform cost, that is, ¢; = 1 for all
i € [d], except on the CUBE-NUC dataset. We report accuracy for
class-balanced datasets and F1-score for class-imbalanced datasets.
For the (noisy) CUBE-NM dataset, we use n, = 5 and ¢ = 0.3. For
the CUBE variants we also use o = 0.3. All results are averaged
over five train/validation/test splits.

In Section 5.1, we study the soft-budget setting, in which policies
are allowed to stop early and no hard budget is enforced at evalua-
tion time. Instead, each method’s stopping behavior is governed by
its soft-budget parameter. For each method-dataset pair, we tune
this parameter so that the average number of selections spans a
representative range. If the soft-budget parameter cannot be tuned
reliably for a given dataset, we exclude the corresponding method
from that dataset.

In Section 5.2, we study the hard-budget setting, in which policies
have no incentive to stop early and therefore always select up to
the fixed budget B. During evaluation, all methods are constrained
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by the same hard budget and are not provided with any soft-budget
parameter a. Section 5.3 visualizes the actions selected by different
methods on the CUBE-NM dataset, introduced in Section 4.3. Finally,
in Section 5.4 we report the runtime of each method, split into the
pretraining, training, and evaluation stages as in Figure 3.

We only report performance achieved at the end of each episode,
in both the hard-budget and the soft-budget settings, in accordance
with (2). As discussed in Section 4, we evaluate each method using
both (i) a shared external predictor and (ii) a method-specific inter-
nal predictor. For brevity, in the main text we only present results
for the external predictor, which was trained on the first split of
each dataset. We defer the internal predictor results to Appendix A.
We report variance only for the final performance metric (variance
on the y-axis). In the soft-budget setting, there is also variance in
the number of selected features across instances, and it is common
to visualize this variance as well (i.e., variance on the x-axis). These
results can be found in the extended paper [26].

5.1 Soft-budget

First, OL is not included in the soft-budget setting, since adapting it
to this setting is not straightforward and would require substantial
deviations from its original formulation [14]. Second, the static
method CAE is also omitted, because static methods do not perform
instance-wise selection and are therefore not applicable in the soft-
budget setting.

Figure 5 shows results for the soft-budget setting using a shared
external classifier. For each method, the soft-budget parameter o
induces a policy 7 whose feature acquisition decisions may corre-
spond to different cumulative costs across instances. We therefore
map each value of & to the resulting cumulative cost averaged across
instances and over train, validation, and test splits. This average
cost is shown on the x-axis.

We observe that the myopic approaches EDDI, GDFS, and DIME
are often among the best-performing methods. Interestingly, within
this group, the generative approach EDDI is not substantially worse
than the discriminative methods GDFS and DIME, which contrasts
with the conclusions reported in [5, 9]. This discrepancy may be
explained by differences in the evaluated datasets, or by our tuning
of the PVAE model used by EDDI to estimate (3).

However, for several datasets, including ACTG175, FashionM-
NIST, and CUBE-NM, we find a clear advantage for non-myopic
selection. In particular, the non-myopic method AACO, which does
not rely on RL, performs well on all three of these datasets. In
contrast, the RL-based methods, while in principle well-suited to
settings with non-myopic structure, often do not match the perfor-
mance of AACO. We also find that many RL-based methods exhibit
substantial variance, most notably ODIN, suggesting unstable train-
ing dynamics. A plausible explanation is the intractability of the
underlying MDP for AFA, which many of these methods attempt
to solve directly (see [2] and Section 2.4).

5.2 Hard-budget

Figure 6 shows the results for the hard-budget setting using a shared
external classifier. For each method, each hard budget B (shown on
the x-axis) induces a policy 7. We then use this policy to acquire
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features until the budget B is exhausted, and report the prediction
performance at the end of the episode.

We find that the benefit of non-myopic methods over myopic
methods is less pronounced here than in the soft-budget setting. A
likely reason is that the hard budget constrains every instance to the
same total cost, which limits instance-wise adaptivity. If an optimal
non-myopic strategy requires acquiring more than B features for
some instances to achieve high accuracy, this behavior is not feasible
under a hard budget. Conversely, increasing B to accommodate
such instances tends to reduce the gap, since myopic methods
also perform well once the budget is sufficiently large. Finally,
static methods perform well on some datasets. For instance, CAE
ranks among the top performers on BankMarketing and MiniBooNE,
suggesting that a single fixed subset of features is effective for these
tasks. In contrast, on datasets such as CKD and CUBE, dynamic
feature acquisition is more beneficial.

5.3 TFeature Selections on CUBE-NM

By Theorem 4.1, the optimal policy on CUBE-NM with ¢ = 0
achieves 100% accuracy at an expected cost of 3.25. In contrast,
Figures 5 and 6 show that all evaluated methods fall well short of
this performance. This indicates that none of the methods is able
to recover the optimal policy on any of the CUBE-NM datasets,
including the noiseless case with o = 0. These results highlight
an important direction for future work on AFA: developing non-
myopic methods that can effectively identify such policies, and
better understanding when the additional planning effort required
by non-myopic policies is justified for a given dataset. Moreover,
since the theoretically optimal performance on CUBE-NM is known
by Theorem 4.1, this dataset provides a useful benchmark for evalu-
ating whether non-myopic methods can recover the optimal policy.

In Figure 7, we visualize the features acquired by five methods
on noisy CUBE-NM with ¢ = 0.3 and n. =5 at different time steps
in the hard-budget setting. The context feature f; corresponds to
row 1 on the y-axis. In Figure 11 in Appendix B, we provide the
same visualization for CUBE-NM-noiseless. We observe that the RL-
based method OL learns to select the context feature consistently.
However, Figure 6 shows that it does not find the optimal follow-up
selections (due to suboptimal performance). The same figure also
shows that OL achieves the best early-selection performance on
CUBE-NM-noiseless, likely because it uses the context feature to
some extent. In contrast, the RL-based method JAFA never selects
the context feature and consequently performs worse. Overall, this
suggests that RL-based methods can learn non-myopic policies, but
may fail to do so reliably due to training instability.

At the same time, the non-myopic method AACO performs strongly,
improving over the myopic baselines, despite not selecting the con-
text feature. This suggests that CUBE-NM may admit effective non-
myopic strategies that do not acquire the context feature, although
the results alone do not establish this conclusively. Moreover, while
AACO captures non-myopic behavior, it can be shown that it will
never acquire the context feature as its first action on CUBE-NM.
Thus, AACO should be viewed as an approximation of the MDP un-
derlying AFA that goes beyond a purely myopic approximation,
but is not guaranteed to recover the optimal non-myopic policy.
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Figure 5: Results for the soft-budget setting using a shared external classifier across all methods. Not all methods are applicable
in the soft-budget setting (see main text).
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Figure 6: Results for the hard-budget setting using a shared external classifier across all methods.

Finally, we observe that the myopic methods EDDI and GDFS
sometimes acquire the context feature. In principle, this should not
occur: by construction, I(y;xs) = 0 for the context feature f;, and
both EDDI and GDFS converge exactly to the myopic conditional mu-
tual information rule in (3). We therefore attribute these selections
to training instability and randomness.
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5.4 Compute Comparison

Figure 8 shows the time required to pretrain, train, and evaluate
each policy, averaged only over datasets on which all methods
were evaluated. All methods used identical hardware, except for
AACO, which was trained and evaluated on CPU instead of GPU.
Nevertheless, JAFA was the method that required the most compute,
likely due to its use of recurrent neural networks.



AFABench: A Generic Framework for Benchmarking Active Feature Acquisition

EDDI GDFS

JAFA

KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

OL AACO

519
461
41
361
319
261
211
16 1
11+

Action index

] —— ] ] L,

0 1 2 3 4 0 1 2 3 4 0
Time step Time step

1

Time step

2

3 4 0 1 2 3 4 o 1 2 3 4
Time step Time step

Figure 7: Heatmap of features acquired at different time steps by five methods on the noisy CUBE-NM dataset with o = 0.3 and
ne = 5, using a hard budget of B = 5. Action index 1 corresponds to the context feature f; (see Section 4.3).
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Figure 8: The average time required to pretrain, train, and evaluate each policy, averaged over common datasets and five seeds.

The decomposition into pretraining, training, and evaluation
also highlights that methods have different runtime bottlenecks.
RL-based methods are generally training-heavy, while oracle-style
methods shift more cost to evaluation through repeated candidate
scoring. This distinction is important in practice: depending on
whether one prioritizes faster development cycles or lower online
inference latency, different methods may be preferable even at
similar predictive performance.

6 Conclusion

In this work, we study Active Feature Acquisition (AFA), where
the goal is to balance predictive accuracy against the cost of acquir-
ing features. To enable fair and comprehensive evaluation of AFA
methods, we introduce AFABench, the first standardized bench-
mark framework for this task. AFABench includes a diverse set of
synthetic and real-world datasets, supports a wide range of AFA
methods, and provides a modular design to promote extensibility.

Using AFABench, we implement and evaluate representative al-
gorithms from the major AFA paradigms, including (i) myopic meth-
ods, (ii) non-myopic methods based on RL, and (iii) non-myopic
methods that do not rely on explicit RL. We additionally include
static feature selection methods as simple baselines. Finally, we in-
troduce a new synthetic dataset, CUBE-NM, to assess the lookahead
capabilities of different methods, and we provide a theoretical char-
acterization of the performance gap between optimal non-myopic
and myopic policies on this dataset.

Our empirical analysis highlights key trade-offs among AFA
strategies: (i) Although non-myopic methods are capable of learn-
ing non-myopic policies that can outperform myopic selection, this
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is not guaranteed, largely due to the increased complexity and
potential instability of these approaches. Moreover, as our results
show, many real-world datasets do not exhibit strong non-myopic
structure. In such cases, myopic methods offer a strong alternative
with significantly shorter training time. Consequently, future work
on AFA should aim to characterize when, for a given dataset, the
benefits of non-myopic planning justify its additional computa-
tional cost. (ii) Dynamic, instance-wise feature selection is often
advantageous, especially for datasets with high variability across
samples. However, for some datasets, static selection performs com-
parably well. In addition to their competitive performance, static
methods are typically more efficient to train. (iii) We find smaller
performance differences between methods than reported in previ-
ous work, likely due to our fair benchmarking setup (see Section 4.4).
We hope that this benchmark will serve as a basis for future research
in cost-sensitive learning and more effective feature acquisition
strategies.
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A Internal Classifier Results

As mentioned in Section 3.2, some AFA methods train an internal
predictor jointly with the policy. Figure 9 shows the soft-budget
prediction performance of these internal predictors, while Figure 10
shows the hard-budget performance.

B Action Heatmap on Noiseless CUBE-NM

For comparison with the noisy setting in Figure 7, Figure 11 presents
the corresponding action heatmap for the noiseless CUBE-NM
dataset. In the noiseless case, EDDI no longer selects the context
feature, which helps explain its weaker performance relative to the
noisy variant. By contrast, OL is the only method that consistently
learns to select the context feature across both versions of CUBE-
NM.

C Hardware

e Myopic methods on the /magenette dataset used NVIDIA
A40 GPUs during the training stage.

e AACO used 4 AMD EPYC 9354 Zen4 CPU cores during both
training and evaluation.

e The remaining methods used one NVIDIA T4 GPU during
both (pre)training and evaluation.

D Included Datasets and Methods

The full list of included datasets in AFABench is given in Table 1,
and the list of methods in Table 2. Due to space constraints and
for readability, the static PT method and the dataset Diabetes were
excluded from the main paper, along with several variations of
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Figure 9: Results for the soft-budget setting using each method’s internal predictor (if applicable). Not all methods are applicable
in the soft-budget setting (see main text).
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Figure 11: Heatmap of features acquired at different time steps by five methods on the noiseless CUBE-NM dataset with o = 0
and n, = 5, using a hard budget of B = 5. Action index 1 corresponds to the context feature f; (see Section 4.3).

Table 1: Included datasets in AFABench

Dataset Type Modality Train Size Val Size Test Size # Features # Groups # Classes
CUBE Synthetic Tabular 600 200 200 20 20 8
CUBE-NUC Synthetic Tabular 600 200 200 20 20 8
CUBE-NM Synthetic Tabular 600 200 200 55 51 8
MNIST Real World Image (tabularized) 36,000 12,000 12,000 784 784 10
FashionMNIST  Real World Image (tabularized) 36,000 12,000 12,000 784 784 10
PhysioNet Real World Tabular 7,200 2,400 2,400 41 41 2
MiniBooNE Real World Tabular 78,038 26,012 26,014 50 50 2
ACTG175 Real World Tabular 1,283 427 429 23 23 2
CKD Real World Tabular 240 80 80 24 24 2
BankMarketing Real World Tabular 27,126 9,042 9,043 16 16 2
Imagenette Real World Image 5,681 3,788 3,925 150,528 196 10

Table 2: Included methods in AFABench

Paradigm Strategy Myopic? Representative Method(s)
AFA Generative estimation of CMI Myopic EDDI [19]
(Dynamic Feature Selection) Discriminative estimation of CMI Myopic GDFS [5]; DIME [9]

Reinforcement learning

Oracle-based

Non-myopic

Non-myopic

Static Feature Selection Global feature importance

N/A

JAFA [28]; OL [14]; ODIN [32]
AACO [30]

CAE [3]
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