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Abstract—Reinforcement learning (RL) has recently been used
for automated feature selection by exploring the exponentially
large subset space. However, most RL-based methods update
policies with a single subset-level reward, which yields coarse
feedback and is insufficient for attributing rewards to individual
features under complex interactions. We propose Counterfac-
tual Optimization for Reinforcement Learning Feature Selection
(COFS), which improves RL-based feature selection by providing
feature-wise counterfactual advantages for policy optimization.
Specifically, COFS trains a critic to estimate rewards and
computes a counterfactual advantage for each selected feature.
This is achieved by contrasting the predicted reward of the
current subset with that of the leave-one-out variants formed
by removing each feature, effectively distinguishing important
features from redundant ones without repeatedly invoking the
downstream model. Moreover, we introduce a pretraining stage
that learns subset state representations based on reward signals
rather than solely on data distribution. This strategy enhances the
critic’s prediction accuracy and facilitates more effective policy
optimization. Finally, extensive experimental results demonstrate
the effectiveness of our proposed method, showcasing notable
enhancements in subset quality and compactness.

Index Terms—Automated Feature Selection, Reinforcement
Learning, Representation Learning

I. INTRODUCTION

Feature selection aims to identify a compact subset of in-
formative features that improves predictive performance while
reducing model complexity and redundancy [1]. This process
plays a pivotal role in many real-world applications, such as
medical diagnosis [2]–[4] and gene panel selection [5], where
identifying relevant biomarkers enhances interpretability and
reliability, and recommender systems [6], where removing
irrelevant dimensions reduces computational costs. However,
identifying the optimal subset remains challenging due to the
exponentially large search space. Traditional feature selection
methods can be broadly categorized into three paradigms [7].
Filter methods select the top-K ranked features by statis-
tical criteria. Embedded methods integrate feature selection
into model training through a regularization term. Wrapper
methods iteratively generate candidate subsets and evaluate
them with a downstream model, selecting the best-performing
subset [8]–[10].

Recently, reinforcement learning (RL) has offered a promis-
ing perspective on feature selection by enabling automated
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Fig. 1. The limitation of subset-level rewards. While a downstream model
evaluates a subset, the performance typically emerges from complex feature
interactions, where some features are informative while others are redundant
and may impair performance. A single subset-level reward only provides
coarse feedback, obscuring the contribution of each feature.

exploration in the combinatorial subset space [11]–[14]. How-
ever, existing RL-based methods often face a tension between
modeling granularity and scalability. On the one hand, some
methods assign independent policy networks to each feature to
model their heterogeneity [12], [13], which increases param-
eters and training overhead as the dimension grows. On the
other hand, approaches such as [14] utilize a unified policy
network to generate actions sequentially, which compromises
decision efficiency due to order-dependent exploration. More
fundamentally, these approaches typically use only subset-
level rewards to guide policy updates [15], [16]. As illustrated
in Fig. 1, features within a selected subset often contribute un-
equally to the global performance, while complex interactions
such as redundancy and complementarity are pervasive [17],
[18]. Consequently, updating policies with such a coarse signal
renders individual feature contributions indistinguishable [19].
This ambiguity prevents the policy from effectively identifying
critical versus redundant features, thereby slowing conver-
gence and leading to suboptimal solutions [20].

To overcome these limitations, we aim to derive feature-
wise learning signals that reflect the contribution of each fea-
ture within the selected subset. Drawing inspiration from [21],
the contribution of a specific feature can be estimated by com-
paring the reward of the current subset against a counterfactual
baseline where that feature is removed.

In this paper, we propose Counterfactual Optimization for
Reinforcement Learning Feature Selection (COFS), which



performs policy optimization via feature-wise counterfactual
advantages. To remain scalable while allowing heterogeneous
decisions, COFS adopts a shared-parameter actor that out-
puts per-feature selections conditioned on feature embeddings.
Adapting the strategy from [22], we further train a reward-
predictive critic as a surrogate to estimate subset rewards
efficiently without invoking the downstream model. The re-
sulting counterfactual advantages provide informative signals
to distinguish informative features from redundant ones under
complex interactions. Moreover, we introduce a reward-aware
pretraining stage that learns more informative subset state rep-
resentations guided by downstream rewards rather than being
dominated by data distribution effects, thereby mitigating cold-
start issues and stabilizing policy optimization.

Overall, our contributions are summarized as follows:

• We identify a limitation of subset-level rewards in RL-
based feature selection methods, where the resulting
learning signal is often insufficient to reveal the effect
of each selected feature under complex interactions.

• We propose COFS, a unified framework that integrates a
permutation-invariant encoder with a shared actor to en-
able heterogeneous decisions. In addition, we incorporate
a reward-aware pretraining strategy to learn better subset
representations, facilitating stable policy optimization.

• We introduce feature-wise counterfactual advantages,
providing informative signals for policy optimization. Ex-
tensive experiments demonstrate that our approach iden-
tifies compact feature subsets while maintaining strong
predictive performance across multiple datasets and tasks.

To facilitate reproducibility, our code is publicly accessible
at https://github.com/w1ndz321/COFS.

II. PROBLEM STATEMENT

Given a dataset S = {(xk, yk)}Kk=1 consisting of K
samples, where xk ∈ RN denotes the feature vector of the
k-th sample and yk is the corresponding target label, and
with N features F = {f1, . . . , fN}, a feature subset is
represented by a binary mask m ∈ {0, 1}N , where mi = 1
indicates selecting feature fi and mi = 0 otherwise. For a
given mask m, we evaluate the corresponding subset with
a downstream ML model and obtain a scalar reward R(m).
Our goal is to learn a parameterized selection policy πθ that
induces a distribution over masks. Starting from a randomly
initialized mask, the policy iteratively samples a new binary
mask conditioned on the current subset state to refine the
selected subset. Each sampled mask is evaluated to obtain
a respective reward, and the collected samples are used to
update the policy. Accordingly, we optimize πθ to maximize
the expected reward:

θ∗ = argmax
θ

Em∼πθ

[
R(m)

]
. (1)

This objective encourages the policy to favor compact
subsets with strong predictive performance.

III. METHODOLOGY

A. Framework Overview

The overall framework of COFS is illustrated in Fig. 2. Our
method consists of two stages: (1) reward-aware pretraining
of a subset encoder and a reward-predictive critic, (2) and
RL-based policy optimization for feature selection. In the
pretraining stage, we compute per-feature statistical descrip-
tors and learn feature embeddings to provide informative and
heterogeneous inputs. We then randomly sample subset masks
and obtain their rewards via downstream evaluation, forming
subset-reward pairs. These pairs are used to jointly train a set-
based subset encoder that maps the subset to a permutation-
invariant state representation, and a reward-predictive critic
that outputs the corresponding reward. Through pretraining,
the encoder provides subset states for decision making and the
critic serves as an efficient surrogate for reward prediction. In
the policy optimization stage, the actor outputs a binary selec-
tion action for each feature conditioned on the current subset
state and the feature embedding, yielding a new subset mask.
The resulting subset is evaluated to obtain its reward, which
is further used to refine the critic. To provide feature-wise
learning signals, we construct leave-one-out counterfactual
subsets by removing one selected feature at a time, and use the
critic to predict their rewards efficiently in batches. Comparing
the predicted rewards of the factual and counterfactual subsets
yields feature-wise counterfactual advantages that approximate
marginal effects under the current subset context, enabling
more informative and stable policy updates than a single
subset-level reward.

B. Reward-aware Pretraining

Why reward-aware pretraining matters. Representation
learning is widely recognized as a key factor in stabilizing
and improving efficiency in reinforcement learning, since the
policy and the value function rely on the state to summarize
the environment [23]. In the context of feature selection, the
state representation should capture how a selected subset is
expected to perform on the downstream task, rather than
merely describing the data distribution induced by the subset.
However, existing RL-based feature selection methods [12],
[24] often use the fixed statistics of the selected features to
construct the state. In this way, it may fail to distinguish
subsets that are statistically similar but differ significantly
in predictive performance, which makes it difficult for the
policy to learn reliable selection behaviors and for the critic
to generalize value estimates across subsets. To address this
issue, we introduce a reward-aware pretraining stage that
jointly trains a subset encoder and a critic to predict subset
rewards. This encourages the learned state representations to
align more closely with downstream performance, providing
more informative representations for later policy learning and
more robust value estimation.

Preparation of training data. We first compute a raw
statistical descriptor vector ci for each feature fi, summarizing
its distributional characteristics and statistical dependencies.
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Fig. 2. An overview of the proposed framework. (a) Reward-aware Pretraining: we compute feature representations and collect subset–reward pairs to jointly
train the subset encoder and a reward-predictive critic. (b) Reinforcement Learning with Feature-wise Counterfactual Advantages: the actor conditions on the
current state and feature embeddings to produce binary actions, forming a new subset; the reward is used to refine the critic, whose predicted rewards on the
factual subset and counterfactual subsets are further used to compute feature-wise advantages for updating the actor.

To distinguish features, we additionally assign each feature a
learnable identifier embedding ei and map the concatenation
[ci; ei] through an MLP [25] to obtain the feature embedding
matrix β ∈ RN×d. We then randomly sample a batch of
subsets represented by mj ∈ {0, 1}N , where mi

j = 1
indicates selecting fi. Finally, we compute the reward for mj :
rj = λpj+(1−λ)

(
1− ∥mj∥0

N

)
, yielding pairs {(mj , rj)} for

pretraining, where pj is the predictive performance of subset
mj evaluated by a downstream ML model, ∥mj∥0 is the
number of selected features, and λ ∈ [0, 1] balances predictive
performance and sparsity.

Set-based Encoder. Since a feature subset is an un-
ordered set whose semantics are invariant to the ordering of
its elements, its state representation should be permutation-
invariant [26]. Accordingly, we design a set-based encoder ω
to map the masked feature embeddings to a global subset
state, sj = ω(mj ⊙ β), where ⊙ denotes element-wise
multiplication. To capture pairwise interactions in subsets, ω
adopts an attention-based set architecture. However, applying
standard self-attention to N feature embeddings incurs O(N2)
complexity. Inspired by the efficient design in [26], we adopt
the Induced Set Attention Block (ISAB) [27], which introduces
a small set of trainable inducing points I ∈ RM×d (M ≪ N )
as intermediaries, reducing the complexity to O(NM) per
block. The resulting sj serve as a compact subset representa-
tion, which is used for policy learning and reward prediction.

Critic for reward prediction. Evaluating the reward of a
subset requires repeatedly invoking the downstream model,
which becomes prohibitively expensive when scoring a large
number of counterfactual subsets. Inspired by [22], we intro-
duce a reward-predictive critic that approximates the subset
reward from its state representation. Given the encoded state s,
the critic outputs a reward prediction r̂ = Vϕc

(s), where Vϕc
(·)

is a neural network parameterized by ϕc. The critic is first
trained on sampled subset-reward pairs during the pretraining
stage, and is further refined during policy optimization as new
subsets are evaluated. With this design, we can efficiently
predict rewards for many counterfactual subsets in batches, en-
abling computation of feature-wise counterfactual advantages.

Optimization objectives. To learn informative and reward-
aligned subset representations, we jointly pretrain the subset
encoder ωϕe

and the reward-predictive critic Vϕc
on sampled

subset-reward pairs. Let D = {(mj , rj)} denote the pre-
training set of masks and their corresponding rewards, and
define the encoded subset state as sj = ωϕe

(mj ⊙ β), where
β ∈ RN×d is the matrix of embeddings of features and mj

denotes the corresponding subset. We define two losses:

ℓr(j) ≜ (Vϕc
(sj)− rj)

2
, (2)

ℓrec(j) ≜ ∥ψ(sj)− (mj ⊙ β)∥2F , (3)

where ψ is an auxiliary decoder and ∥ · ∥F denotes the
Frobenius norm. The critic is trained by minimizing the



expected reward-prediction loss:

Lcritic(ϕc) = E(mj ,rj)∼D [ℓr(j)] . (4)

The encoder is optimized with a composite objective that
combines reward prediction and subset reconstruction:

Lenc(ϕe) = E(mj ,rj)∼D [ℓrec(j) + ℓr(j)] . (5)

Overall, ℓr aligns the learned state with subset quality,
while ℓrec regularizes the representation to preserve structural
information beyond a scalar score.

C. Reinforcement Learning with Feature-wise Counterfactual
Advantages.

Why feature-wise counterfactual advantages matter. Ex-
isting RL-based feature selection methods often optimize poli-
cies using a single subset-level reward [13], [14], [24]. While
effective at ranking subsets, such global signals suffer from a
credit assignment problem as they provide little guidance on
the specific contribution of each selected feature to the final
reward, especially under complex feature interactions [28]. As
a result, redundant features can be reinforced whenever they
co-occur with informative ones, slowing down convergence
and degrading subset compactness. To obtain a more informa-
tive learning signal, we construct feature-wise advantages that
quantify the marginal contribution of each feature, inspired by
counterfactual baseline mechanism [21]. Instead of treating
the subset as an indivisible entity, we define a counterfactual
intervention on the action space: we construct leave-one-out
subsets by removing one selected feature at a time and com-
pare their predicted rewards against the original subset. This
design serves as a computationally tractable approximation of
Shapley values [29], which provide a principled attribution by
averaging marginal contributions over all coalitions but are
prohibitively expensive to compute exactly. Furthermore, as
exploration increasingly concentrates on higher-quality regions
of the subsets, these counterfactual signals yield more task-
relevant and lower-variance guidance for policy optimization.

Shared-parameter Actor. We use a single shared actor
to produce individualized selection actions for each feature
while remaining scalable to high-dimensional feature spaces.
Specifically, each feature fi is associated with a learnable em-
bedding βi, initialized from its statistical descriptor to encode
feature identity and distributional characteristics. Conditioned
on the current subset state s and the feature embedding βi,
the actor outputs a selection probability for fi through the
shared network. A binary action mi ∈ {0, 1} is then sampled
for each feature according to its probability, and the actions
are concatenated to form the new subset mask m. Because
the actor shares parameters across features while receiving
different βi, it can produce distinct selection behaviors for
different features under the same subset context.

Feature-wise Counterfactual Advantages. During the re-
inforcement learning stage, the actor samples a binary mask
m = [m1, . . . ,mN ] conditioned on the representation of
the previous subset, where mi ∈ {0, 1} indicates whether
feature fi is selected. To obtain feature-wise learning signals,

we construct leave-one-out counterfactual masks for selected
features. Specifically, for each selected feature with mi = 1,
we define a counterfactual mask m−i by setting mi = 0
while keeping all other entries unchanged. We then encode
the factual subset and counterfactual subsets into latent states s
and s−i, respectively. Leveraging the reward-predictive critic,
the feature-wise counterfactual advantage is computed as:

Ai = Vϕc
(s)− Vϕc

(s−i). (6)

This quantity measures how the predicted subset reward
would change if feature fi were removed from the current
subset, under the same context defined by the remaining se-
lected features. Consequently, these advantages provide more
informative guidance for policy updates than a single subset-
level reward, and can reflect context-dependent utility when
feature interactions are present, helping the search favor com-
pact, high-quality subsets.

Policy Optimization. To optimize the shared actor with
the derived feature-wise counterfactual advantages, we adopt
Proximal Policy Optimization (PPO) [30], which stabilizes
policy-gradient updates via a clipped surrogate objective [31].
For each feature, we compute the ratio ρi(θ) =

πθ(m
i|s,βi)

πθold
(mi|s,βi)

,

and the corresponding clipped surrogate term

ℓi(θ) = min(ρi(θ)Ai, clip(ρi(θ), 1− ϵ, 1 + ϵ)Ai) , (7)

where ϵ is the clipping hyperparameter. The actor objective
averages the surrogate terms over features and the sampled
mini-batch:

Jactor(θ) = E

[
1

N

N∑
i=1

ℓi(θ)

]
. (8)

Maximizing Jactor increases the probability of feature-
selection actions with positive counterfactual advantages and
decreases that of actions with negative advantages, yielding
stable updates under stochastic subset sampling.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluate our method on 19 publicly avail-
able datasets from OpenML [32], UCI [33], LibSVM [34],
the Feature Selection Benchmark [35], and the NCBI Gene
Expression Omnibus [36], covering binary classification (C),
multi-class classification (MC), and regression (R) tasks.

Evaluation Metrics. Following prior work [37], we evalu-
ate the quality of selected feature subsets using Random Forest
as a downstream ML model. For each dataset, we adopt a 20%
hold-out validation split and perform five-fold cross-validation
to reduce evaluation variance. We report F1-score, Accuracy,
and ROC-AUC for binary classification; Micro-F1, Macro-F1,
and Macro-Recall for multi-class classification; and R2, 1-
Root Mean Square Error (1-RMSE), and 1-Relative Absolute
Error (1-RAE) [38] for regression tasks. For all metrics, higher
values indicate better downstream performance.

Baselines. We compare our proposed method with nine rep-
resentative feature selection algorithms, which can be broadly



TABLE I
OVERALL PERFORMANCE COMPARISON. WE REPORT F1-SCORE FOR CLASSIFICATION TASKS (C), MICRO-F1 FOR MULTI-CLASS CLASSIFICATION TASKS
(MC), AND 1-RAE FOR REGRESSION TASKS (R). THE BEST RESULTS ARE HIGHLIGHTED IN BOLD AND THE SECOND-BEST RESULTS ARE UNDERLINED.

Dataset Task #Samples #Features Original KBest LASSO LASSONet SAFS CompFS RFE MARLFS GAINS HRLFS COFS

SpectF C 267 44 75.96 81.41 75.96 75.96 82.36 83.69 80.80 79.16 80.55 87.56 88.14±0.51

SVMGuide3 C 1243 21 77.81 76.38 77.64 76.44 77.65 74.41 78.53 75.92 77.53 78.90 83.16±1.38

Credit Default C 30000 25 80.19 79.87 77.86 79.87 80.29 73.90 80.17 80.11 80.05 80.56 80.87±0.12

SpamBase C 4601 57 90.68 91.58 90.73 89.63 88.05 89.70 91.59 90.04 91.71 92.60 92.70±0.11

Ionosphere C 351 34 91.33 92.74 89.92 94.14 87.21 91.08 95.69 90.18 92.24 94.27 97.10±0.82

Darwin C 174 451 79.76 85.35 82.86 79.76 82.49 85.59 88.35 85.48 83.76 87.59 94.16±2.59

Scene C 2407 299 79.34 82.03 79.60 82.15 78.18 80.97 81.55 79.70 82.19 81.59 84.54±1.42

Mice-Protein MC 1080 77 74.99 80.54 81.51 78.23 78.23 78.96 80.10 80.56 81.04 83.79 84.27±0.84

Coil-20 MC 1440 400 96.53 96.88 96.54 94.80 96.53 95.16 97.57 96.19 97.22 97.56 97.92±0.09

MNIST fashion MC 10000 784 80.15 79.25 79.80 79.45 79.20 78.30 80.50 79.90 81.00 79.95 82.20±0.66

Jannis MC 83733 54 62.10 65.77 65.09 65.78 64.42 66.61 67.54 66.70 65.15 67.91 70.16±1.21

Han MC 2746 20670 76.36 76.18 73.55 72.57 75.79 73.20 79.27 74.69 74.03 81.45 84.36±2.01

Handwritten MC 5620 64 95.82 96.00 92.44 96.35 96.71 66.55 96.26 96.09 96.00 96.17 96.89±0.23

Isolet MC 7797 617 92.05 90.45 92.18 91.99 89.17 83.72 91.67 90.64 92.38 92.31 92.82±1.13

Openml 586 R 1000 25 54.95 57.68 60.67 56.03 53.15 55.49 58.10 55.02 59.36 61.75 62.01±0.16

Openml 607 R 1000 50 51.73 53.03 58.10 53.63 51.82 53.18 54.39 53.94 60.44 61.70 62.22±0.42

Openml 618 R 1000 50 46.89 51.33 47.41 50.69 45.89 48.55 53.64 49.31 55.68 56.40 58.37±0.93

Wave-Perth R 36043 148 94.23 95.21 87.99 85.99 87.09 88.56 96.21 94.25 96.20 96.12 96.23±0.17

CT-Image R 53500 386 92.59 91.79 90.51 92.41 92.24 86.74 92.49 92.80 92.96 92.42 93.00±0.07
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Fig. 3. The impact of removing reward-aware pretraining (COFS−r) and feature-wise counterfactual advantages (COFS−c) on performance.

categorized into three groups: (1) Filter methods, such as
KBest [39], which select features based on statistical scores
independently of downstream models. (2) Embedded methods,
including LASSO [9], LASSONet [40], and SAFS [41], which
integrate feature selection into model training through regular-
ization. (3) Wrapper methods, which perform subset search by
repeatedly training and evaluating a downstream model. This
category includes CompFS [42], RFE [43], MARLFS [12],
GAINS [37], and HRLFS [13], covering both search-based ap-
proaches and learning-based strategies such as reinforcement
learning or gradient-guided optimization.

Implementation Details. To pretrain the encoder and critic,
we collect 500 subset-reward pairs as training data. The
encoder consists of a single ISAB layer with four attention
heads. The dimensions of individual feature embeddings and
the global subset state are set to 64 and 128, respectively.
During the reinforcement learning stage, we perform 800
exploration steps in total and update the policy every 32 steps.
Following [44], we employ Proximal Policy Optimization
(PPO) with a learning rate of 3 × 10−4 for the actor and
1×10−3 for the critic. The clipping ratio is set to 0.2, and the
reward trade-off hyperparameter λ is set to 0.9 to balance the
performance and sparsity. All experiments are conducted on

an Ubuntu 24.04.3 LTS system equipped with an Intel Xeon
Platinum 8380 CPU and an NVIDIA A800 GPU, with the
framework of Python 3.11.13 and PyTorch 2.1.0.

B. Experimental Results

Overall Performance. We conduct this experiment to eval-
uate the overall effectiveness of the proposed method. Table I
presents the overall performance comparison between COFS
and nine feature selection baselines, where all methods are
evaluated under identical settings to ensure a fair comparison.
The results show that COFS achieves consistently compet-
itive performance across different domains and tasks. This
observation may be attributed to three key design choices. The
permutation-invariant set encoder captures feature interactions
and yields higher-quality subset states for both the policy
and the reward predictor. Reward-aware pretraining further
aligns these states with downstream performance, providing
a more reliable surrogate signal during optimization. Finally,
computing feature-wise counterfactual advantages provides
finer-grained learning signals than a single subset-level reward,
enabling the policy to better distinguish informative features
from redundant ones and to more effectively account for
interaction effects under the current subset context.
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TABLE II
ROBUSTNESS CHECK WITH DIFFERENT DOWNSTREAM ML MODELS ON

JANNIS DATASET IN TERMS OF F1-SCORE.

LightGBM RF SVM DT KNN

Raw 0.636 0.621 0.612 0.508 0.523
KBest 0.656 0.658 0.656 0.553 0.607
LASSO 0.652 0.651 0.654 0.548 0.616
SAFS 0.654 0.644 0.620 0.532 0.534
RFE 0.673 0.675 0.673 0.567 0.611
HRLFS 0.684 0.679 0.689 0.563 0.631
COFS 0.696 0.702 0.702 0.581 0.664

Ablation Study. This experiment is conducted to investigate
the effectiveness of key components in the proposed method.
We implement two variant models: (1) COFS−r removes
the reward-aware supervision during pretraining and trains
the encoder using the reconstruction objective only; and (2)
COFS−c discards the feature-wise counterfactual advantages
and instead uses the same subset-level reward to update the
policy. We randomly select four datasets spanning different
task types and report the final subset performance in Fig. 3.
In addition, we examine the optimization behavior on Isolet
and Openml 618 by plotting the best subset performance
achieved so far against exploration steps in Fig. 4. The results
indicate that the full model achieves better performance than
the two variants. A plausible explanation is that reward-aware
pretraining encourages the subset state to encode performance-
relevant differences among subsets. In addition, using a single
subset-level reward as the learning signal may provide limited
guidance on the effect of individual feature decisions and
making it harder to identify redundant features. Overall, these
observations provide empirical evidence that both reward-
aware pretraining and feature-wise counterfactual advantages
contribute to effective subset search in COFS.

Study of Subset Size and Performance. We conduct this
experiment to examine whether COFS can select compact fea-
ture subsets while maintaining strong predictive performance.
We randomly select six datasets and, for each dataset, compare
our method with the best baseline method identified in Table I.
Figure 5 reports both the downstream performance and the
relative subset size, measured as the ratio of selected features
to the original feature set. We can observe that COFS achieves
better performance while selecting smaller subsets across
these datasets. A plausible explanation is that feature-wise
counterfactual advantages provide more informative signals
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Fig. 6. Hyperparameter sensitivity test on SVMGuide3.

during policy updates, making it easier to identify redundant
features that contribute little under the current subset context
and to retain features that are useful through interactions.
Overall, this experiment demonstrates that the subsets selected
by COFS can improve predictive performance while reducing
computational expense by using fewer features.

Study of Robustness. To evaluate whether the feature sub-
sets selected by our proposed method remain effective under
different downstream ML models, we conduct experiments
on the Jannis dataset and compare against several baseline
methods. For each method, the selected subset is evaluated
by five downstream ML models (LightGBM, Random Forest
(RF), Support Vector Machine (SVM), Decision Tree (DT),
and KNN), and Micro-F1 is reported as the performance
metric. Table II summarizes the results and indicates that the
subsets produced by COFS perform consistently well across
these models. Overall, these results provide empirical evidence
that COFS can identify feature subsets with relatively stable
discriminative utility, leading to robust performance when the
downstream model changes.

Study of Hyperparameters. This experiment is conducted
to analyze the sensitivity of COFS to the clipping ratio ϵ
and the reward trade-off λ. We vary both parameters from
0.1 to 0.9 and report the performance on SVMGuide3 using
F1-score, Accuracy, and ROC-AUC. As shown in Fig. 6, the
proposed method achieves relatively better performance when
ϵ is set to 0.2 and λ is set to 0.9. According to [30], a
clipping ratio of 0.2 generally leads to more stable policy
updates, which is consistent with our empirical observations.
The parameter λ balances predictive performance and subset
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sparsity in the reward function. When λ is set to 0.1, excessive
emphasis on subset compactness may result in overly small
feature subsets, potentially affecting downstream predictive
performance. Overall, this experiment provides empirical guid-
ance on how these hyperparameters influence the performance
and how to choose optimal values from different perspectives.

Case Study: Interpreting Feature-wise Counterfactual
Advantages During Training. We conduct this case study
to assess whether the proposed feature-wise counterfactual
advantages provide informative signals for policy optimization.
Experiments are performed on Openml 586, an artificially
constructed dataset with 25 features, where the first five fea-
tures are designed to be the optimal subset and the remaining
ones are noise features. We perform 50 policy updates (one up-
date every 32 interaction steps) and aggregate the standardized
advantage values over each block of 5 consecutive updates for
visualization. Figure 7 visualizes how feature-wise counterfac-
tual advantages evolve during training. For clarity, we display
the top-10 features ranked by their aggregated advantage
scores from top to bottom. The heatmap indicates that the first
five informative features tend to receive consistently higher
advantage values, while noise features are gradually assigned
lower values and become rarely selected in later stages of
training, suggesting that the policy increasingly focuses on
informative features. Figure 8 further compares the aggregated
advantage scores with Shapley values [29] computed on the
same top-10 features for tractability. The resulting rankings are
broadly consistent: the informative features are ranked at the

top by our aggregated advantages, and the overall ordering is
similar to that induced by Shapley values. Overall, these obser-
vations provide empirical evidence that the proposed feature-
wise counterfactual advantages offer discriminative feature-
level supervision for policy optimization, steering learning
toward compact, informative subsets.

V. RELATED WORK

Feature selection aims to identify informative subsets to
enhance predictive performance and efficiency. Traditional
paradigms include filter methods [8], [39], which use statistical
criteria; embedded methods [9], [40], [41], which integrate
selection into training; and wrapper methods [42], [43], which
iteratively search the best-performing subset. While filter
and embedded approaches are efficient, they often overlook
complex feature interactions. Conversely, wrapper methods
account for interactions but suffer from high computational
complexity in large combinatorial spaces. Recently, RL-based
methods [12]–[14] have emerged to adaptively navigate the
subset space. However, they typically rely on coarse, subset-
level rewards, which obscure individual feature contributions
and fail to provide fine-grained guidance when features exhibit
strong redundancy or complementarity [17].

VI. CONCLUSION

In this paper, we propose a reinforcement learning frame-
work for feature selection that provides feature-wise learn-
ing signals while retaining parameter sharing for per-feature
decisions. Concretely, it encodes the current subset into a
permutation-invariant representation and uses a shared actor
conditioned on feature embeddings to output heterogeneous
selection actions. To avoid repeated downstream evaluations,
the framework trains a reward-predictive critic to estimate sub-
set rewards and computes feature-wise counterfactual advan-
tages by comparing the predicted reward of the current subset
with that of the subset obtained by removing one selected
feature. Moreover, we introduce a reward-aware pretraining
stage that learns reward-aligned subset state representations
rather than relying solely on the data distribution, thereby
stabilizing subsequent policy optimization. Extensive exper-
iments demonstrate the effectiveness of our proposed method
in identifying compact, high-quality feature subsets.
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