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Abstract

Unsupervised feature selection (FS) is essential for high-
dimensional learning tasks where labels are not available. It
helps reduce noise, improve generalization, and enhance in-
terpretability. However, most existing unsupervised FS meth-
ods evaluate features in isolation, even though informative
signals often emerge from groups of related features. For
example, adjacent pixels, functionally connected brain re-
gions, or correlated financial indicators tend to act together,
making independent evaluation suboptimal. Although some
methods attempt to capture group structure, they typically
rely on predefined partitions or label supervision, limiting
their applicability. We propose GroupFS, an end-to-end, fully
differentiable framework that jointly discovers latent feature
groups and selects the most informative groups among them,
without relying on fixed a priori groups or label supervi-
sion. GroupFS enforces Laplacian smoothness on both fea-
ture and sample graphs and applies a group sparsity regu-
larizer to learn a compact, structured representation. Across
nine benchmarks spanning images, tabular data, and biolog-
ical datasets, GroupFS consistently outperforms state-of-the-
art unsupervised FS in clustering and selects groups of fea-
tures that align with meaningful patterns.

Extended version — https://arxiv.org/abs/2511.09166

1 Introduction
Modern machine-learning systems routinely handle datasets
with thousands to millions of features. Such high-
dimensional data arise in neuroscience, finance, and com-
puter vision (Fan and Lv 2010; Donoho et al. 2000). How-
ever, many of the observed features are nuisance, i.e., unin-
formative or noisy, and they obscure latent structure, inflate
computational cost, and degrade generalization. Feature se-
lection (FS) tackles this problem by retaining only the most
relevant features, thereby discarding nuisance dimensions,
reducing computational cost, and boosting downstream per-
formance, e.g., clustering accuracy (Guyon and Elisseeff
2003). Because FS preserves the original measurements, the
results remain interpretable and can enable domain-specific
insights. In real-world applications such as neuroimaging,
FS can lower acquisition costs by focusing on task-relevant
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regions, thus saving time or enabling higher resolution. Sim-
ilarly, in domains like behavioral research, feature acquisi-
tion (e.g., questionnaires) can be expensive or burdensome,
making efficient feature selection especially valuable.

While many FS methods are supervised, even without la-
bels, a well-chosen subset of features can uncover latent
structure (Li et al. 2017). Yet selecting that subset is a
complex combinatorial problem, and the challenge is am-
plified in the unsupervised setting where there are no la-
bels to guide the selection process. Since obtaining an-
notations often requires costly expert effort, robust unsu-
pervised FS is both challenging and essential (Solorio-
Fernández, Carrasco-Ochoa, and Martı́nez-Trinidad 2020;
Li et al. 2024).

Classical FS methods can be categorized into three
families. Filter methods assign scores to features using
model-agnostic criteria such as mutual information or graph
smoothness (He, Cai, and Niyogi 2005; Battiti 1994). Wrap-
per methods search over subsets by repeatedly training
a model, incurring high computational cost (Kohavi and
John 1997). Embedded methods impose sparsity while train-
ing the model itself, e.g. LASSO (Tibshirani 1996) or
stochastic-gating networks (Yamada et al. 2020; Sristi et al.
2023). Most of these approaches, however, score features in-
dependently and ignore relationships among them.

Real-world features often “act together”: spatially adja-
cent pixels, temporally co-varying sensors, or functionally
coupled genes. Such relationships suggest that grouping fea-
tures into meaningful subsets and selecting at the group
level, rather than individually, can boost performance and
provide clearer scientific insights. Existing group-aware FS
methods either assume groups are known a priori or rely
on supervision to form them (You et al. 2023; Imrie et al.
2022). However, in many applications, the group structure
is unknown, and fixing groups in advance can bias selec-
tion. Jointly discovering groups, selecting which ones are
informative and rejecting the rest, without labels, remains
an open problem, referred to as unsupervised group feature
selection.

In this paper, we address this gap by introducing
GroupFS. It is a fully differentiable, end-to-end framework
that simultaneously learns feature groups and selects the in-
formative ones in a purely unsupervised manner. Our ap-
proach constructs two graphs: one over the sample space and
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another over the feature space, enforcing Laplacian smooth-
ness on both. A feature-grouping and gating mechanism,
guided by sparse regularization, dynamically discovers rele-
vant feature groups.

Our main contributions are as follows:

• We introduce GroupFS, the first end-to-end, fully dif-
ferentiable framework for unsupervised feature selection
that jointly discovers latent feature groups and selects in-
formative groups from them.

• GroupFS automatically learns latent feature groups with-
out relying on predefined partitions or supervision,
thereby broadening its applicability to unlabeled, real-
world data.

• Extensive experiments on diverse synthetic and real-
world datasets demonstrate that GroupFS consistently
outperforms state-of-the-art unsupervised FS baselines
in clustering accuracy and identifies meaningful feature
groups.

2 Related Work
Unsupervised FS. One line of research addresses the unsu-
pervised FS problem by constructing a sample graph and
selecting features that vary smoothly over the data mani-
fold (He, Cai, and Niyogi 2005; Cai, Zhang, and He 2010;
Lindenbaum et al. 2021; Miao et al. 2022; Luo et al. 2024).
Autoencoder-based methods offer an alternative, ranking
features by their contribution to reconstruction loss (Abid,
Balin, and Zou 2019; Svirsky and Lindenbaum 2024). How-
ever, reconstruction objectives do not necessarily promote
features that capture the relationships among samples, which
are essential for downstream tasks such as clustering.
Group FS. Other work seeks to exploit feature groups, but
most approaches assume the groups are fixed a priori, us-
ing heuristics or domain knowledge to define them (You
et al. 2023; Zaharieva, Breiteneder, and Hudec 2017; Per-
era, Chan, and Karunasekera 2020; Wang et al. 2017; Park
and Lee 2024). Although effective in special cases, prede-
fined groups limit adaptability and can introduce bias. A
more flexible strategy is to learn groups during training. Im-
rie et al. (2022) take a step in this direction by jointly infer-
ring group structure and training a classifier, but they rely on
label supervision. Sristi, Mishne, and Jaffe (2022) proposes
a spectral approach to select groups of features; however,
they assume a setting of differentiating between two or more
given datasets.

In contrast to these, we jointly discover feature groups and
select the informative ones without any supervision, allow-
ing structure to emerge directly from the data.

3 Preliminaries
3.1 Graphs and Spectral Analysis
Let X = [x1, . . . ,xN ]⊤ ∈ RN×d be a data matrix,
where row i (sample i) is xi = Xi: ∈ Rd, and col-
umn k (feature k) is x(k) = X:k ∈ RN . We assume
the data lies on a low-dimensional manifold and capture
its local geometry using an undirected, weighted graph
G = (V,E,W ) (Von Luxburg 2007; Ng, Jordan, and Weiss

2001). Pairwise affinities are defined using the self-tuning
kernel (Zelnik-Manor and Perona 2004) as

Wij = exp

(
−∥xi − xj∥22

γiγj

)
, (1)

where γi is the distance from xi to its K-th nearest neigh-
bor. This sample-dependent scaling adapts to local den-
sity, improving robustness in heterogeneous data. The de-
gree matrix is defined as D = diag(d1, . . . , dN ), where
di =

∑
j Wij . Two standard graph operators are the normal-

ized graph Laplacian Lsym = I − D−1/2WD−1/2 and the
random walk matrix P = D−1W . Though both are used in
spectral analysis, they differ in interpretation: eigenvectors
corresponding to low eigenvalues of Lsym capture smooth,
low-frequency variations on the graph, while those associ-
ated with high eigenvalues of P capture similar directions.
The matrix power P t represents transition probabilities after
t steps of the random walk (Spielman 2025).

Laplacian Score (LS). He, Cai, and Niyogi (2005) lever-
aged a sample graph structure for feature selection by
ranking individual features based on their alignment with
the graph’s smoothest modes. Features whose values vary
minimally across strongly connected samples (i.e., along
high-weight edges) are preferred. For a feature vector x(k) ∈
RN , the Laplacian Score is

LS(x(k)) = (x(k))
⊤
Lsymx

(k) =
N∑
i=1

λi ⟨vi,x
(k)⟩2,

where {(λi,vi)}Ni=1 are the eigenpairs of Lsym. A smaller
score indicates that the feature varies smoothly over the sam-
ple manifold and is therefore considered more informative.
Using the matrix trace operator tr, the total Laplacian score
becomes

d∑
k=1

(x(k))⊤Lsymx
(k) = tr

(
X⊤LsymX

)
.

3.2 Gumbel-Softmax
The Gumbel-Softmax (Jang, Gu, and Poole 2016), also
known as the Concrete distribution (Maddison, Mnih, and
Teh 2016), provides a differentiable approximation to cate-
gorical sampling. It relaxes the discrete one-hot vector into
a continuous distribution over C classes. Given class proba-
bilities π = [π1, π2, . . . , πC ] and a temperature T > 0, we
draw i.i.d. Gumbel noise variables gc ∼ Gumbel(0, 1) and
compute

mc =
exp

(
(log πc + gc)/T

)∑C
h=1 exp

(
(log πh + gh)/T

) .
As T → 0, the distribution becomes increasingly peaked,
and m ∈ RC approaches a one-hot sample. The reparame-
terization trick (Kingma, Welling et al. 2013) enables gra-
dients to propagate through the sampling process, allow-
ing Gumbel-Softmax to be trained using standard gradient-
based optimizers (Battash, Wolf, and Lindenbaum 2024).
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Figure 1: Illustration: GroupFS learns feature-to-group associations, enforces smoothness on the feature graph, infers the im-
portance of each group, and reconstructs a smoother sample-similarity graph.

3.3 Stochastic Gates
The stochastic gates method (Yamada et al. 2020; Jana et al.
2023) provides a differentiable mechanism for feature se-
lection by learning relaxed Bernoulli gates for the features.
Each input feature x(k), for k ∈ {1, . . . , d}, is multiplied
by a stochastic gate (STG): zk = max(0,min(1, µk + εk))
where εk ∼ N (0, σ2) and µk are learnable parameters. This
clipped Gaussian variable produces continuous approxima-
tions of binary gates. The expected number of selected fea-
tures is

E[∥z∥0] =
d∑

k=1

P(zk > 0) =
d∑

k=1

Φ
(µk

σ

)
,

where Φ(·) denotes the standard Gaussian CDF and σ is the
fixed gate noise. This relaxation enables training with stan-
dard gradient-based optimizers while implicitly encouraging
sparsity through ℓ0-style regularization.

4 GroupFS
We tackle unsupervised group FS without assuming prior
knowledge about the groups. Instead, we simultaneously
learn feature groups and select the most relevant ones, yield-
ing a compact and interpretable model (see Figure 1).

Problem setup. Let X ∈ RN×d be a data matrix with
N samples and d raw features. We assume the features can
be partitioned into C latent groups {G1, . . . ,GC}, which are
unknown a priori. Our method uncovers latent groups of re-
lated features, selects specific groups needed to preserve the
data’s intrinsic geometry, and learns a low-dimensional em-
bedding that faithfully reflects that geometry. Our model is
guided by a composite loss function consisting of three com-
ponents:
• Sample-wise smoothness (Ls): Encourages feature val-

ues to vary smoothly across the sample manifold, pro-
moting gradual transitions between nearby data points.

• Feature-wise smoothness (Lf ): Encourages consistent
group assignments among high-affinity neighbors on the
feature graph.

• Group sparsity (Lreg): Promotes the selection of a small
number of informative feature groups, resulting in a com-
pact and interpretable model.

Overall Loss. Our objective combines the three compo-
nents:

L = Ls + λ1 · Lf + λ2 · Lreg,

where λ1 and λ2 weigh the relative importance of each term.
This unified, end-to-end framework integrates differentiable
grouping, stochastic gating, and Laplacian smoothness to
discover informative feature groups while filtering out irrel-
evant or noisy features in an unsupervised setting. We de-
scribe each component below.

4.1 Sample-wise Smoothness Loss Ls

Feature Association. Given a batch XB ∈ RB×d, we
learn a feature-to-group assignment matrix M ∈ Rd×C us-
ing the Gumbel-Softmax trick (see Sec. 3.2). Each row Mi,:

encodes the soft membership of feature i across the C latent
groups,

Mij =
exp

(
(log πij + gij)/T

)∑C
k=1 exp

(
(log πik + gik)/T

) ,
where πij are learnable logits, gij ∼ Gumbel(0, 1) is i.i.d.
noise, and T is a temperature parameter annealed during
training. As T → 0, each row approaches a one-hot vec-
tor, effectively assigning feature i to a single group. Since
M is learned jointly with the group-importance gates (see
following sub-section), the model can discover meaningful
groupings directly from the data.

Group Importance. Following the STG formulation (see
Sec. 3.3), we attach a stochastic gate zj to each feature
group, reducing the number of learnable gating parameters
from d (features) to C (groups). We select features by sort-
ing the groups according to their gate means and retaining
those from the top-ranked groups. To compute feature-level
weights, we aggregate the gated group assignments:

ẑi =
C∑

j=1

Mij · zj , i ∈ {1, . . . , d}, j ∈ {1, . . . , C}.

Intuitively, ẑi measures the importance of feature i by av-
eraging over its soft group memberships weighted by each
group’s gate. Broadcasting ẑ across the batch yields Ẑ ∈
RB×d with identical rows. We apply these gates to the input
using element-wise multiplication: X̃ = XB⊙Ẑ, effectively
masking out less important features.
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Figure 2: Two-moons synthetic data. (A) 2D visualization
of the dataset under low and high Gaussian noise levels
(STD = 0.05 and STD = 0.45). (B) Feature correlation ma-
trices (20×20, lower triangle) with two levels of correlation
strength (ρ = 1.00 and ρ = 0.60). (C) Final training loss as
a function of correlation strength ρ, showing lower loss for
stronger correlations. (D) Final training loss as a function
of noise standard deviation, showing robustness to moderate
sample-level noise. Results in (C,D) are averaged over 10
random seeds; error bars denote standard error.

Smoothness Objective. We construct a dense random
walk matrix PX̃ (Sec. 3.1) over the batch-masked input X̃ at
each iteration, using the affinity matrix defined in eq. (1). To
promote smooth variation over the gated sample manifold,
we use

Ls = − 1

B d
tr
(
X̃⊤P t

X̃
X̃
)
.

Here, P t
X̃

denotes the t-step diffusion operator, i.e., the t-
th power of the random-walk matrix. Maximizing the trace
aligns the retained features with the graph’s low-frequency
directions. This encourages the model to assign higher im-
portance to feature groups whose values vary smoothly
across the sample manifold.

Ls combines the group assignments M with their gate im-
portances z to select a subset of groups, and then rebuilds the
sample graph using only these features. On this newly con-
structed graph, the retained features vary smoothly, turning
the raw data into a cleaner and more informative representa-
tion.

4.2 Feature-wise Smoothness Loss Lf

This term encourages the learned cluster assignments to vary
smoothly across features while remaining mutually distinct.
We first embed each feature into a C-dimensional space:
F = M Q ∈ Rd×C where M ∈ Rd×C is the soft assign-
ment matrix from Section 4.1, and Q ∈ RC×C is a trainable
linear projection that allows interactions between clusters.

Smoothness on the feature graph. Analogous to the sam-
ple graph in Section 3.1, we construct a feature similarity
graph, where nodes represent features, and compute its nor-
malized Laplacian Lfeat ∈ Rd×d. The term tr

(
F⊤LfeatF

)
penalizes rapid changes of F across similar features, pro-
moting alignment with the graph’s low-frequency directions.

Orthogonality regularization. To ensure diverse, non-
redundant cluster embeddings, analogous to orthogonal
eigenvectors in spectral clustering, we add an orthogonality
penalty using the Frobenius norm: ∥F⊤F−I∥2F . Combining
both objectives yields:

Lf =
1

dC

[
tr
(
F⊤LfeatF

)
+ β · ∥F⊤F − I∥2F

]
,

where β is a hyper-parameter that weights the orthogonality
penalty. Following each update step, we center the columns
of F to have zero mean and renormalize them to unit ℓ2-
norm. This avoids convergence to trivial solutions such as
constant vectors or the zero vector.

Intuitively, Lf term encourages similar features (or highly
connected nodes in the feature graph) to have similar group
assignments, ensuring that the learned groups respect the un-
derlying structure of the feature space.

4.3 Group Sparsity Loss Lreg

To encourage selection of the most informative groups, we
penalize the expected number of active gates, weighted by
each group’s relative size. Using the activation probability
for STG gates (Sec. 3.3), we define the regularization term

Lreg =
1

C

C∑
j=1

P(zj > 0) · 1
d

d∑
i=1

Mij ,

which increases with both the likelihood that group j is ac-
tive and the proportion of features assigned to it. Minimiz-
ing Lreg therefore encourages compactness and sparsity by
keeping fewer and smaller groups active.

5 Experiments
We evaluate GroupFS across three complementary settings:

1. Synthetic data. We construct a synthetic dataset with
features partitioned into known groups. This setup allows
us to (i) verify whether GroupFS correctly recovers and
selects the true groups, and (ii) study the effects of hy-
perparameters and intrinsic data properties.

2. Real-world data. To assess whether explicit feature
grouping enhances or hinders FS, we compare GroupFS
to state-of-the-art baselines across nine widely used
datasets from image and biological domains.

3. Interpretability. We demonstrate that GroupFS discov-
ers meaningful feature groups that align with domain
knowledge.

5.1 Implementation Details

The model’s learnable parameters are: (i) d×C logits of the
Gumbel-Softmax assignment matrix M ; (ii) C gate means
{µj} for the STG-based group importances; and (iii) C ×C
transformation matrix Q. A heuristic for selecting the num-
ber of groups C is described in App. D.
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Initialization. Gates are initialized to µj = 0.5 (an un-
biased prior) following (Yamada et al. 2020). We warm-
start the logits using spectral clustering assignments based
on Lsym (Von Luxburg 2007): for a feature i assigned to
cluster j⋆, we set

log(πij) =

{
∆ if j = j⋆

0 otherwise
, ∆ = log

(
pmain
prest

)
,

with prest =
1−pmain
C−1 and pmain = 0.7 in all experiments. We

initialize Q as a random orthonormal matrix and scale each
row inversely to the feature-cluster sizes estimated from the
spectral-clustering logits initialization, ensuring balanced
influence on F . Note that these initial group assignments
are not fixed; they are gradually overwritten during training
as the model adapts the gates and groupings to minimize the
total loss. Further information regarding hyperparameters is
detailed in App. B.1.

5.2 Synthetic Data
We construct a 20-dimensional synthetic dataset by extend-
ing the classic two-moons dataset (Fig. 2A). Features 1-5
are noisy linear transformations of the moons’ first coor-
dinate, and features 6-10 of the second, each generated as
x′ =

√
ρ x +

√
1− ρ ϵ, where x is an original coordinate

and ϵ ∼ N (0, 1). The remaining features (11-20) are i.i.d.
Gaussian noise with zero mean and unit variance. The corre-
lation strength ρ ∈ [0.6, 1] controls how tightly each group
follows its base coordinate. Figure 2B shows two examples
for the sample correlation matrices (lower triangle) across
features for ρ=1.0 and ρ=0.6 (a detailed description regard-
ing the construction of the synthetic dataset is in App. A.1).
The goal is to identify G1={1:5} and G2={6:10} as two
separated groups, while the rest (11-20) are assigned to other
groups, activate the gates attached to G1 and G2, and deacti-
vate the other gates attached to the rest. Unless noted other-
wise, we use ρ=0.95, additive Gaussian noise with std. 0.05,
500 training epochs, batch size 100, and determine group
count via the heuristic described in App. D.

Effect of correlation strength. Fig. 2C shows how the fi-
nal loss varies with correlation strength ρ. For each ρ, we
select the best model from a grid search over λ1 and λ2,
choosing the combination that yields the lowest final loss
averaged over 10 runs with different seeds (details in App.
B.1). As ρ increases, the loss decreases, reaching a minimum
at ρ=1. This trend aligns with the more transparent block
structure in the correlation matrices (Fig. 2B), confirming
that GroupFS favors stronger intra-group coherence.

Effect of additive noise. In Fig. 2D, we plot the final loss
as a function of the noise std. This curve remains essentially
flat, indicating that increasing the standard deviation of the
additive Gaussian noise up to 0.45 has little to no effect
on the final loss. This suggests that GroupFS is robust to
moderate sample-level noise, a desirable property in real-
world applications where such noise is common.

Across all tested noise levels and ρ, the model isolates
the informative groups {1:5} and {6:10} while the ten noisy
dimensions are placed in unselected clusters.

Effect of feature and group numbers. We assess perfor-
mance along two axes: (i) feature grouping and (ii) feature
selection. In this controlled setting, the true group struc-
ture is known (G1={1:5}, G2={6:10}), enabling quantita-
tive evaluation. We adapt the Group Similarity metric (Imrie
et al. 2022) to compute Relevant-Group Similarity (RGsim).
Let G = {G1, G2} denote the ground-truth groups and
Ĝ = {Ĝ1, . . . , ĜC} the predicted groups. We retain only
predicted groups that overlap with at least one informative
group: G̃ =

{
Ĝj | Ĝj ∩ G1 ̸= ∅ or Ĝj ∩ G2 ̸= ∅

}
. Then

we define

RGsim =
1

max
(
|G|, |G̃|

) 2∑
i=1

max
Ĝj∈G̃

J
(
Gi, Ĝj

)
,

where J (A,B) = |A ∩ B|/|A ∪ B| is the Jaccard index.
This score lies in [0, 1] and achieves a value of 1 only when
both informative groups are perfectly recovered.

For feature selection, we report two common metrics.
True Positive Rate (TPR) is the fraction of informative fea-
tures {1:10} that are selected (preferred: TPR=1). The False
Discovery Rate (FDR) is the fraction of selected features
from the noise set {11:20} (preferred: FDR=0).

We vary the total number of features d (the last d−10 are
nuisance) and the number of groups C, then evaluate the
best-loss model over 10 runs with the three metrics (hyper-
parameters in App. B.1). Importantly, ground-truth groups
are used only to compute evaluation metrics; the model is
trained without access to this information. We retain the top-
ranked groups by gate mean until at least 10 features are
covered. The overall results are summarized in Fig. 3. We
note that the effective number of groups that is required to
fully separate signal and noise is: C=2+(d−10), one group
per informative feature cluster plus one per nuisance fea-
ture. Indeed, we observe that for C ≤ 2+(d−10), the model
nearly always achieves RGsim=1, TPR=1 and FDR=0, in-
dicating it cleanly recovers both informative groups and as-
signs noise to separate groups. An exception is C=2: with
too few groups, noise features are merged with informative
ones, lowering RGsim. TPR stays high, but FDR rises due
to unwanted noise selection. When C > 2+(d−10), perfor-
mance remains strong in TPR and FDR, but RGsim gradually
declines. In this case, the model breaks informative clusters
into smaller groups, a reasonable outcome given the surplus
of available groups.

Overall, GroupFS performs well across a range of C val-
ues, as long as C is neither too small to separate informa-
tive from noisy features, nor too large to over-fragment the
groups. In practice, setting C slightly above the expected
number of informative groups is effective, especially for
high-dimensional data.

5.3 Real-world Data
Our evaluation spans nine widely used datasets drawn
from two domains (see Table 1 for sizes). The biomed-
ical set: ALLAML (Golub et al. 1999), Lung500 (Lee
et al. 2010), METABRIC (Pereira et al. 2016; Curtis
et al. 2012), and HeartDisease (Janosi et al. 1989) con-
tains gene-expression or clinical profiles. The vision set in-
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Figure 3: Two-moons: Effect of feature dimension d and group count C. Mean RGsim TPR and FDR of the best-loss model
over 10 random seeds. Complementary std results are in App. E.1.

Dataset ALL LS MCFS CAE DUFS MGAGR CompFS GroupFS #Feat Dim/Samp/Class

ALLAML 65.1±8.4 70.6±1.4 69.7±4.4 67.4±3.2 66.1±5.2 66.4±4.8 57.2±6.3 70.6±1.4 274 7129 / 72 / 2
Lung500 86.1±10.9 83.4±4.3 84.8±7.1 91.3±6.7 88.6±7.3 82.0±8.9 81.3±8.8 93.0±6.8 234 500 / 56 / 4
METABRIC 65.7±6.4 64.2±5.0 65.3±5.7 70.5±8.2 60.4±8.1 70.6±6.0 63.8±4.0 68.0±3.2 226 489 / 1904 / 2
HeartDisease 82.5±0.7 81.9±1.3 82.6±0.4 78.5±1.2 77.1±8.1 75.1±7.4 82.0±0.4 83.1±0.5 10 13 / 297 / 2
Yale 46.6±3.5 41.5±2.2 37.8±3.5 46.0±3.9 43.3±4.9 37.6±5.0 44.1±6.1 42.1±1.4 341 1024 / 165 / 15
AR10P 24.7±4.5 22.5±1.1 22.7±2.8 19.6±2.1 23.7±1.9 24.9±2.9 24.7±3.2 32.5±4.1 362 2400 / 130 / 10
PIE10P 29.0±2.7 22.8±1.0 34.0±2.0 24.4±1.5 35.0±3.6 34.4±2.8 29.0±1.8 38.4±2.5 49 2420 / 210 / 10
NMNIST 3-8 72.6±7.6 77.3±1.0 67.2±0.2 57.1±0.3 51.1±0.7 52.3±10.7 64.6±0.9 83.3±0.1 51 784 / 1000 / 2
NMNIST 49.5±2.7 46.1±2.4 48.9±6.9 44.1±3.0 20.1±5.9 – 45.9±1.4 48.9±2.7 184 784 / 12000 / 10

Table 1: Scenario 1 - Fixed budget, unsupervised setting. k-means accuracy (mean ± std over 10 runs). All methods use the
same feature budget (#Feat). The last column shows the original feature dimension, sample count, and number of classes. Bold
marks the best score per dataset.

cludes Yale (Cai et al. 2007), AR10P (Martinez and Be-
navente 1998), PIE10P (Sim, Baker, and Bsat 2002), and
two noisy MNIST variants (Larochelle et al. 2007; LeCun
et al. 2002), all of which utilize image data. We adopt a
random-background version of noisy MNIST (NMNIST),
and a “3-8” subset comprising 500 images of digit 3 and
500 images of digit 8 (NMNIST 3-8). All datasets are z-
scored feature-wise. Full download links and details appear
in App. A.2. We compare GroupFS against a diverse set of
FS methods:
• LS and MCFS: Classical graph-based selectors (He, Cai,

and Niyogi 2005; Cai, Zhang, and He 2010).
• CAE: Concrete Autoencoder based on the Gumbel-

Softmax relaxation (Abid, Balin, and Zou 2019).
• DUFS: A stochastic gating approach that learns a sample

graph during training (Lindenbaum et al. 2021).
• MGAGR: A recent unsupervised method that leverages

pre-defined feature groups (You et al. 2023).
• CompFS: A supervised baseline that jointly learns fea-

ture groups and a classifier (Imrie et al. 2022).
• ALL: A trivial baseline using all features.

We assess FS quality via k-means clustering, with k set
to the number of ground-truth classes. To reduce sensitiv-
ity to initialization, we run k-means ten times with different
seeds and report mean clustering accuracy ± standard de-
viation. To ensure a fair comparison, we adapt each base-
line as needed: Graph-based methods (LS, MCFS) use the
self-tuning kernel from eq. (1) to avoid manual bandwidth

tuning. CAE and CompFS are trained with a 90/10 train-
validation split, and the best model is chosen based on the
lowest reconstruction loss (CAE) or the highest accuracy
(CompFS) on the validation set. Because CompFS lacks a
global feature budget, we aggregate all learned scores and
retain the top-ranked features. MGAGR follows the authors’
recommended grouping but is skipped on NMNIST due to
impractical runtime. For full hyperparameter settings and
implementation details, see App. B.2.
Scenario 1: Fixed budget, unsupervised model choice
(Table 1). All methods use the same feature budget as
GroupFS (i.e., number of selected features). We determine
this budget by gradually adding feature groups, ordered by
the mean of their gates, and choosing the number of groups
(and corresponding number of features) that yields a lo-
cal maximum in model accuracy. For all models, hyper-
parameters are set based on the lowest loss, without su-
pervision (i.e., without using labels), except for CompFS,
which uses validation accuracy due to its supervised na-
ture. Our GroupFS ranks first or tied for first on 6 out of 9
datasets, outperforming the next-best method by an average
of +3.84%. On two of the remaining three datasets, GroupFS
still ranks in the top three. Notably, Yale and NMNIST ap-
pear especially challenging for feature selection, as using all
features yields the best results on both.
Scenario 2: Adaptive budget, accuracy-guided model
choice (Table 2). We ran each baseline with multiple feature
budgets: {50, 100, 200, 400} (or {2, 4, 8, 10} for the Heart
Disease dataset) and reported the result with the highest k-
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Dataset LS MCFS CAE DUFS MGAGR CompFS GroupFS

ALLAML 72.2 (200) 71.8 (200) 70.4 (100) 71.5 (400) 66.3 (200) 67.4 (100) 72.8 (302)
Lung500 82.2 (200) 87.5 (200) 92.3 (400) 95.0 (50) 93.0 (100) 94.5 (100) 96.1 (361)
METABRIC 68.0 (200) 69.3 (100) 72.8 (50) 72.4 (100) 71.6 (200) 73.2 (50) 73.4 (159)
HeartDisease 81.9 (10) 82.7 (8) 82.8 (8) 83.5 (8) 84.3 (10) 84.3 (8) 83.1 (10)
Yale 43.0 (400) 45.0 (100) 45.6 (400) 42.6 (200) 40.7 (100) 46.7 (50) 48.3 (398)
AR10P 32.9 (50) 29.5 (100) 30.1 (100) 34.2 (200) 32.6 (50) 29.8 (50) 34.7 (363)
PIE10P 26.3 (400) 34.1 (100) 26.6 (400) 42.1 (50) 36.0 (50) 29.1 (50) 40.8 (370)
NMNIST 3–8 76.6 (200) 68.1 (400) 76.0 (400) 80.2 (200) 77.4 (400) 80.4 (100) 84.1 (288)
NMNIST 49.4 (400) 50.4 (200) 50.5 (400) 42.0 (400) – 55.0 (200) 48.9 (184)

Table 2: Scenario 2 - Adaptive budget, accuracy-guided setting. k-means accuracy (mean over 10 runs). Each method selects
its own feature budget (numbers in parentheses). Bold marks the best score per dataset. See App. E.2 for mean±std results.

1 2 3 4 5 6 7

A) B)

C)

Figure 4: GroupFS on NMNIST (3 vs. 8). (A) Pixel groups
discovered by GroupFS, colored by group ID and ranked by
importance (1 = highest, 7 = lowest). (B) The top two groups
align with class-relevant regions. (C) Noisy image examples
of digits ‘8’ and ‘3’.

means accuracy. Since GroupFS naturally outputs variable-
sized groups, we retain the parameter choice that achieves
the best accuracy while using no more than 400 features (or
10 for the Heart Disease dataset). In this setting, GroupFS
achieves the highest accuracy on 6 out of 9 datasets, demon-
strating strong performance even when methods are allowed
to adapt their feature count.

5.4 Interpretability Experiment
We evaluate the interpretability benefits of GroupFS on two
datasets from distinct domains: vision and education. In both
cases, our goal is to highlight how unsupervised group dis-
covery reveals meaningful feature groups aligned with do-
main knowledge. The first is the NMNIST 3-8 subset, and
the second is the UCI Student Performance dataset (Cortez
2008), with 395 samples and 30 features covering academic,
demographic, and behavioral variables. For the UCI dataset,
we focus on predicting math exam pass/fail outcomes (a de-
tailed description of this dataset is App. A.2).
NMNIST 3-8. GroupFS discovers seven spatially coherent
pixel groups, visualized in Figure 4. Pixels are colored by
group, with the legend ranking importance from 1 (most
important) to 7 (least). Although learned with no supervi-
sion, group 1 (yellow) highlights regions that differentiate
3s from 8s, such as the upper-left loop of 8s, which is typi-

cally absent in 3s. Lower-ranked groups correspond mainly
to background pixels with little discriminative value. This
shows that GroupFS segments the image into functionally
meaningful regions that are spatially localized and consis-
tent across the dataset.
Student Performance. For this tabular dataset, GroupFS
discovers seven interpretable feature groups. Taking the top
three groups leads to clustering accuracy of 61.3 ± 2.6%.
The highest-ranked group includes features related to alco-
hol consumption (daily and weekly). The second group in-
cludes features associated with motivation, such as the num-
ber of school absences, past academic failures, romantic re-
lationships, and intention to pursue higher education. The
third group relates to parents, including their education and
the mother’s job. Each group displays strong semantic coher-
ence, reinforcing the idea that GroupFS can uncover mean-
ingful structure even in unlabeled tabular data. A full break-
down of feature rankings for this and other baselines appears
in App. E.3.

6 Conclusion
We address unsupervised group feature selection, which in-
volves the discovery of informative groups of features in
an entirely data-driven manner, without relying on labels
or prior knowledge. We introduce GroupFS, an end-to-end
differentiable framework that simultaneously learns group
assignments and sparsely selects them. Across a variety of
image, tabular, and biomedical datasets, GroupFS matches
or surpasses state-of-the-art unsupervised feature-selection
methods on downstream clustering tasks under both fixed
and variable feature budgets. Qualitative inspection further
shows that the discovered groups align with meaningful do-
main structure. GroupFS has limitations: the sample and fea-
ture graphs rely on Euclidean distances, which can misrepre-
sent data on curved, non-Euclidean manifolds. It also learns
a single global notion of group importance, overlooking
condition, or time-dependent relevance, where both groups
and their importance may evolve. Future work will include
smooth, differentiable manifold-aware distances and a dy-
namic formulation with condition-adaptive grouping and
ranking. Overall, GroupFS provides a practical step toward
combining feature-structure discovery with sparse selection
in a purely unsupervised setting, and it can be used modu-
larly as a building block for downstream learning tasks.
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