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Abstract

Feature selection is a crucial tool in machine
learning and is widely applied across various
scientific disciplines. Traditional supervised
methods generally identify a universal set of
informative features for the entire population.
However, feature relevance often varies with
context, while the context itself may not directly
affect the outcome variable. Here, we propose
a novel architecture for contextual feature
selection where the subset of selected features
is conditioned on the value of context variables.
Our new approach, Conditional Stochastic Gates
(c-STG), models the importance of features using
conditional Bernoulli variables whose parameters
are predicted based on contextual variables. We
introduce a hypernetwork that maps context vari-
ables to feature selection parameters to learn the
context-dependent gates along with a prediction
model. We further present a theoretical analysis
of our model, indicating that it can improve
performance and flexibility over population-level
methods in complex feature selection settings. Fi-
nally, we conduct an extensive benchmark using
simulated and real-world datasets across multiple
domains demonstrating that c-STG can lead to
improved feature selection capabilities while en-
hancing prediction accuracy and interpretability.

1. Introduction

Feature selection techniques are vital in Machine Learning
(ML) as they identify informative features from large sets
of observed variables. These techniques are increasingly
crucial across scientific domains due to the high dimen-
sionality of collected data and complex prediction models.
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Feature selection simplifies models by removing nuisance
features and identifying informative features, ultimately
improving generalization (Li et al., 2017; Kumar & Minz,
2014; Islam et al., 2022; Everaert et al., 2022). Feature
selection can be broadly categorized into filter, wrapper,
and embedded methods.

Filter methods (Battiti, 1994; Peng et al., 2005; Estévez
et al., 2009; Song et al., 2007; 2012; Chen et al., 2017; Sristi
et al., 2022) use a predefined criterion, independent of the
predictive model, to rank and select features mostly based
on statistical measures such as correlation or mutual infor-
mation (Lewis, 1992). Wrapper methods (Kohavi & John,
1997; Stein et al., 2005; Zhu et al., 2007; Reunanen, 2003;
Allen, 2013), on the other hand, use the predictive model it-
self as a criterion for feature selection. These methods select
subsets of features and evaluate the prediction quality based
only on those features to identify the subset with the best
performance. This can be prohibitively expensive for com-
plex models. Embedded methods (Tibshirani, 1996; Hans,
2009; Lietal., 2011; 2006) incorporate feature selection into
the training process of the predictive model, for example,
regularization-based techniques like LASSO and its variants
(Daubechies et al., 2010; Bertsimas et al., 2017). Here we
present a novel embedded method to learn the prediction
model and informative features in an end-to-end fashion.

The methods above are global in the sense that they identify
a single set of informative features for the entire data
set. However, in certain cases, the importance of features
varies depending on contextual information, while the
context itself does not encode the outcome variable on its
own. For example, in healthcare, feature selection reveals
which explanatory features directly predict disease risk, but
feature relevance and importance can vary based on context,
such as age or gender. Thus, considering context adds
depth to medical analysis and offers clinicians valuable
insights. Similarly, product recommendation systems need
to tailor feature selection to the user’s location, time, and
device (Baltrunas & Ricci, 2009).

Many feature selection methods fail to fully address the in-
tricate relationship between features, context, and outcomes,
often neglecting contextual variables or merely concatenat-
ing them with explanatory features. This approach hinders
interpretability, as it does not clearly show the dependency
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Figure 1. Ilustration with “rotating MNIST”. We perform a binary classification between rotated versions of the digits 4 (top row) and 9
(bottom row) from the MNIST dataset. We compare the features selected by the global STG (Yamada et al., 2020) model (A) and our
proposed c-STG (B), which selects features conditioned on the rotation angle. Each image depicts the mean pixel values across all rotated
images (A) or all images at a given rotation angle (B). Red dots indicate the features selected using STG (A) or ¢c-STG (B) for each
rotation angle. c-STG can learn to dynamically change its prediction of the most informative features given the context (rotation angle).

of features on the context. An alternative is to train a
separate model for different values of categorical contextual
variables, e.g., gender, by dividing the data accordingly.
However, this strategy significantly increases computational
demands with multiple categorical contexts and decreases
the available training data for each model, potentially af-
fecting performance. Furthermore, this method necessitates
arbitrary binning for continuous contextual variables (e.g.,
age, location), which coarsens the interpretability of feature
importance across contexts. This issue becomes more pro-
nounced when dealing with multiple contextual variables,
making it challenging to maintain nuanced interpretability.

For illustration purposes, we consider a binary classification
task between digits 4 and 9 observed at various rotations (see
Fig. 1). Suppose the goal is to select a subset of informative
pixels (features) for classifying the two digits. In the orig-
inal orientation (zero rotation), the pixels on the top of the
image are more significant than those at the bottom for dis-
tinguishing between 4 and 9. When we rotate the digits by
intervals of 45 degrees, global feature selection models will
select almost all features as informative. However, given a
specific rotation angle, only a subset of these features are
informative. Moreover, the rotation angle is unrelated to
the response (the identity of the digit). Using rotation as a
contextual variable to select the informative pixels for the
classification can alleviate overfitting and improve the inter-
pretability of the model. In Figure 1 (B), we present features
(pixels) selected by our proposed approach, conditioned on
a rotation variable. The significant features rotate as the
context changes, and our model identifies the features that
best distinguish between digits 4 and 9 for each context. In
contrast, the features selected by the global STG (Yamada
et al., 2020) (Fig. 1 A), trained across all rotated images,
mainly recover the action of rotation, without providing
meaningful interpretable features for class separation.

In this paper, we propose c-STG, a method for context-
specific feature selection in a supervised learning setup. We
posit that the informativeness of a feature is governed by
a conditional Bernoulli distribution, aiming to learn its pa-
rameters to enhance feature selection. To enable parameter
learning via backpropagation, we reparametrize the discrete
Bernoulli variables using a truncated Gaussian (Yamada
et al., 2020) whose mean is predicted using a hypernetwork
that receives the context variables as input. Furthermore,
we propose weighted c-STG, which uses a hypernetwork to
learn both a score for the significance of the selected features
and the parameters of the probabilistic feature selection. In
both c-STG and weighted c-STG, we learn the weights of
the hypernetwork and the weights of a prediction model by
empirical risk minimization. Since the hypernetwork is para-
metric, we can generalize the contextual feature selection
to unseen contexts. Our framework enables studying the ex-
plainability of the model along two axes: 1) given a context,
we identify the importance of the different features, which is
essential for performing an accurate prediction task; and 2)
given a feature, we identify how its importance varies across
different contexts as well as interpolate or extrapolate to
unseen contexts. Overall, our contributions are as follows:

1. We develop an end-to-end machine learning framework
comprising two distinct but interconnected networks: a hy-
pernetwork and a prediction network. In our c-STG, the
hypernetwork maps contextual variables to feature selection
parameters, and the prediction network links these selected
features to the outcome. c¢-STG can handle categorical,
continuous, and/or multi-dimensional contextual variables.
2. In weighted c-STG, we augment the c-STG hypernetwork
to further output a context-dependent weight vector, eval-
uating each feature’s impact. Thus, the prediction network
leverages the selected and weighted features, improving the
prediction by combining feature selection and significance.
3. We analyze the optimal risk of c-STG compared with
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Figure 2. Contextual feature selection framework. Contextual variables z (in purple) feed into the hypernetwork. The hypernetwork
outputs the parameters of the gates, p(z), which are combined with e to determine if each gate is open or close s4 (yellow) for each
feature x4 (blue). For weighted c-STG, the hypernetwork also outputs weight vectors (green), indicating the importance of the selected
explanatory features. The selected and weighted features are fed into the prediction model, thus enhancing its ability to process feature

significance in predictions.

STG and study the optimal solutions under a linear regres-
sion prediction model.

4. We conduct comprehensive empirical evaluations on
simulated and real-world datasets across healthcare, hous-
ing, and neuroscience, demonstrating the effectiveness and
adaptability of our proposed methods compared to existing
techniques.

Related Work: Several solutions have been proposed for
the problem of context-specific feature selection, includ-
ing Contextual Explanation Networks (CEN) (Al-Shedivat
et al., 2020), Contextualized ML (Lengerich et al., 2023),
and Contextual LASSO (Thompson et al., 2023). These
methods usually consider the prediction task as a linear
function of explanatory features and determine the model’s
parameters based on contextual variables. In contrast, our
method accommodates both linear and non-linear models,
thus extending the applicability beyond the constraints of
traditional methods. While CEN and Contextualized ML do
not employ sparsity constraints, Contextual LASSO utilizes
an ‘1 regularization that leads to shrinkage of the model’s
coefficients. In contrast, our c-STG approach uses stochastic
gates regularization, which effectively approximates the “g
sparsity constraint in a context-conditioned manner, there-
fore achieving sparser solutions.

Recently, several dynamic feature selection approaches have
been proposed. In sample-wise methods (Chen et al., 2018;
Yoon et al., 2018; Yang et al., 2022a) feature selection is
tailored to each sample based on its feature values, requiring
all feature values to be known in advance. This approach
could be limiting in areas like healthcare, where not all
possible test results are available for the entire population.
Active learning-based methods (Shim et al., 2018; Covert
et al., 2023) focus on real-time feature acquisition and

iteratively select features for each sample. These methods,
though not originally designed for contextual feature selec-
tion, can incorporate context by concatenating contextual
and explanatory features. Both sample-wise and active
learning methods can be used in context-dependent setups.
In sample-specific selection, one can ensure contextual
variables are automatically deemed significant from the
start, subsequently determining the significance of the
remaining explanatory features. In active selection methods,
contextual variables can be prioritized before choosing sig-
nificant explanatory features, ensuring a context-informed
selection process. Both approaches empower the model
to identify essential features within the specific context,
ensuring context-driven, tailored analysis per sample.

The interpretability of these models, however, is not straight-
forward. Identifying which features are selected as a func-
tion of context would require aggregating the selected fea-
tures across all samples per context value, thus resorting to
coarse binning. In contrast, our c-STG discerns crucial fea-
tures based on context and can adapt to new, unseen context
values, e.g., an age value not encountered in training.

2. Problem Setup and Background

Let X RD, Zz RL and Y R be the random vari-
ables corresponding to the input explanatory features, input
contextual variables, and output prediction value, respec-
tively. Given the realizations of these random variables from
some unknown joint data distribution Px.z.y , the goal of
embedded contextual feature selection methods is to achieve
the following simultaneously: 1) construct a hyper-model
h : RN ¥ 0;1gP that selects a subset of explanatory
features Xs as a function of context z; and 2) construct a
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modelf :RP ! R that predicts the respon¥ebased on  Algorithm 1 Weighted c-STG
these selected features. Given a loss fundtipwe solve Input: x® 2 RP;z() 2 RL:y() 2 R fork = [K]
for the parameters and of the risk minimization problem

Output: Trained model$ andh .

R(; )= Exzy [L(F (x s(2)):¥)]; (1) 1 Initialize: and using Xavier initialization.
2: while model not convergedo
3: Forward Pass:
fork=1toK do
(299);w(z)) = B (29)

wheres(z) = h (z) andx;z andy represent a realization
of the random variableX; Z andY following a data dis-
tribution Px.z.v , the feature selection vector, given by a
vector of indicator variables for the st is the output of

N gk

N (0; 2I
the hypernetworls(z) = h (z) = f0;1g°,and denotes e(z(k))(: ma>2( 0:min(1: (z0)+ ))
the point-wise product. ) . ’ R L
8: wheremin andmax are applied elementwise.
Throughout this paper, bold lowercase letters denote vectors9: PR = (x® gzM)  w(z®))
e.g.,.x, while scalars are represented by unbolded lowercas&0: end for
letters. Elements within a vector are indicated by subscript R . P z(K)
y PIS1. R(; )= L (9 y(k))+ a(z7)
such a<i;Xz;:::; Xn. For a functiorf that maps a vector ' k=1 ’ d=1
X to another vectoff, (x), thei!" element of the resultant 12:  Back Propagation:
vector is denoted &5(x). 0 andl indicate a vector of all  13:  Update : %
zeros and all ones, respectivelyrepresents identity matrix. 14:  Update : @(;)
X . i ) : pdate : o
d 2 [D]is shorthand fod ranging from 1 tdD, inclusive. 15: end while

3. Conditional STG _ L L

the contextual variable to the conditional probability, i.e.,
The risk minimization in (1) often includes an additional the parameter of the Bernoulli distribution. The task of
constraint to induce sparsity on the feature selection, focontextual variable selection then boils down to learning the
exampleksko D, which reduces the number of selected parameters (z) = h°(z) of this conditional distribution,
features and enhances interpretability. Model interpretabilyhich spans over a continuous sp#@gl]P , instead of a
ity is crucial for understanding complex relations betweengiscrete set0; 1g°, as in Eq(1). Leth® : R | [0; 1P
input features and the predicted target in applications sucBe the function that maps the contextual information to the
as health care (Liu et al., 2019), shopping (Baltrunas &arameters of the probability distribution. This reformulates

Ricci, 2009), and psychology (Everaert et al., 2022). the regularized version of the risk in Eq. (1) to

In practice, o regularization is computationally challenging, B( - Y= Byov Ecos[L(F (x  sAz)):
especially for high-dimensional data, and cannot be inte- (i) xzy Esyz[L( __( O (.)),y) (2)
grated into gradient descent-based optimization commonly + lis(@iiol;

used in deep networks. Our proposed solution is a probgnere the parameters of the distributisfz, (z), are
bilistic and computationally ef cient method that facilitates |o5/nt by the hypernetwork? (z). Ex.»y represents the

contextual feature selection. This is achieved by applyin%mpirical expectatiorbover the observationZ andY
"o regularization to stochastic gates, which mask the input, 4 Esojz i %2)jjo = 5 4(2), the sum of Bernoulli
=1 l

feature conditioned on the context. parameters. Constraining(z) to f 0; 1g makes this equiv-
First, we introduce conditional Bernoulli gates correspondalent to the cardinality-constrained version of En)., with

ing to each of thd features as a probabilistic extension & regularized penalty on cardinality rather than an explicit
of contextual feature selection. Expressly, we assume th&onstraint. Moreover, this probabilistic formulation con-
the probability of an individual explanatory feature being Verts the combinatorial search to a search over the space of
selected, given contextual featumsfollows a Bernoulli ~ Bernoulli distribution parameters. Thus, the problem of fea-
distribution independent of the probability of selecting otherture selection translates to nding and  that minimize
explanatory features. L&9%Z be a conditional random the empirical risk based on the formulation in Eq. (2).
vector that represents these independent Bernoulli gates,

with P(S§ = 1jZ = z) = 4(z) ford 2 [D], and let  3.1. Bernoulli Continuous Relaxation for Contextual

s%z) = sYz be a realization of the random vect8%Z . Feature Selection

We term these conditional-Stochastic Gates (c-STG), as th
parameter of the distribution of each gate is conditional o
the context variables.

ﬁwcorporating discrete random variables into a differentiable
"loss function to retain informative data features is appealing,
but discrete variable gradient estimates often have high
The hypernetwork?® learns a parametric function mapping variance (He & Niyogi, 2004). Consequently, continuous

4
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approximations of discrete variables have been proposed, respectively. To optimize for these parameters, we use a
(Maddison et al., 2017; Jang et al., 2017). A stable approacMonte Carlo sampling gradient estimator of (3), which gives
for continuous relaxation uses the Gaussian distribution,

more consistent in feature selection than Gumbel-softmax
techniques like concrete and hard concrete (Jang et aI.,@Q( ) 1
2017), which can lead to high variance in approximating ’ =
Bernoulli variables (Yamada et al., 2020; Jana et al., @ K K
2023). Such relaxations (Louizos et al., 2018) are applied @ )

in various areas, including discrete softmax activations —/~ ' ~
(Jang et al., 2017), feature selection (Yamada et al., 2020; k=1 |
Lindenbaum et al., 2021b; Shaham et al., 2022), and @ A (z(")).
sparsi cation (Lindenbaum et al., 2021a; 2024). We utilize + = _—
a Gaussian-based relaxation for Bernoulli variables, termed @

Stochastic Gates (STG) (Yamada et al., 2020), differentiated

using the reparameterization trick (Miller et al., 2017;whereK is the number of Monte Carlo samples (corre-
Figurnov et al., 2018). sponds to the batch size). Our methodology is summarized

The Gaussian-based continuous relaxation for the Bernoulif! Al9- 1 and illustrated in Fig. 2. Note for c-STG, the ex-
variable is de ned asq(z) = max(0: min(1; 4(z)+ q), plan_atory feature_s are masked by the feature gste$, and
where 4 is drawn from a normal distributionl (0; 2),  fed into the prediction modgl = f (x® s(z1)).

with  xed throughout training. Unlike the ReLU |n the initial training phase , all gates should have an equal
function, which only clips the negative values to zero,propability of being open or closed. We sei(z) = 0:5
the mean-shifted Gaussian variable clips both the positivg § 2 [D] so that all gates approximate a “fair” Bernoulli
and negative values; therefore, it accounts for the binarygriable. The initialization of the hyper-model's using
nature of the original random variable. Here, we learnyayier initialization (Glorot & Bengio, 2010) and a Sigmoid
d as a parametric function of the contextual varialdes 4ctivation function in the nal layer of ensures that the
Thus, the hypernetworR aims to learn the parameters means (4(z)) are centered around 0.8,z, early in the

of the relaxed-continuous distribution as a function Oftraining phase_ It is worth noting that we need the noise
the context variableg instead of learning the original term only during the training phase.

discrete distribution. Our objective as a minimization of
the empirical risk( ; ) is as follows:

L(f (x% gz);y1)

L(f (x% gz™)):y™) (5)

3.2. Theoretical Analysis

min Ex.zy Bz L(F (x 8(2));y)+ is(2)io; (3) We conduct a thorough theoretical analysis to establish the

: equivalence between our probabilistic formulation, as repre-
o o ) sented by Eq.2, and the original NP-hard contextual variable

whereSjZ is arandom vector with independent variables - gejection problem de ned in Eq.1. Additionally, we provide

84(z) = ejz for d 2 [D] and the parameters of the 40f demonstrating that c-STG achieves a lower risk than
distribution §jZ, (z), are learnt by the hypernetwork, STG. Furthermore, we extend our analysis to a linear regres-
B (z). The regularization term can be further simpli ed to sion scenario, where we demonstrate the main advantage

of c-STG over STG. While STG selects features with con-

. L » B » a(2) . sistent signi cance across contextual variables on average,
ESJZHS(Z)JJO = P(s4(z) > 0) = ( )i 4 c.sTG adapts the feature selection process according to the
=1 d=1 contextual variables, thus effectively learning the optimal

where is the standard Gaussian CDF. The tef#) feature selection as a function of these variables.
penalizes open gates so that gates corresponding to featurbgeorem 1. Let s (z) ands® (z) represent the optimal
that are not useful for prediction are encouraged to transitiofieature selection functions in E¢L) and its correspond-
into a closed state (which is the case for smai(z)). ing probabilistic formulation in Eq2) respectively. Then
Hence, we perform a context-speci ¢ feature selections (z) = s° (z).

strategy by inducing sparsity through the empirical mean_ . S
of the regularization term (4) over multiple realizations of This theorem suggests that a deterministic search for feature

Z. This enables us to select distinct informative feature§eIEECtion can be fransitioned to a probabilistic approach. We

for different contexts while maintaining the sparsity. use the umvers_al fync“"” approximators, deep networks, to
learn the functiors® (z). In subsequent theorems, we con-

In practice, we consider the function class for andf trast c-STG's and STG's performance and feature selection
to be a class of neural networks parameterized tland  abilities. In (Yamada et al., 2020), the optimization problem
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of the global feature selection using STG is given by
min Exy Eso[L(f (x s9:y)+ [is%ol;  (6)

whereS®is a random vector that represents independent

Bernoulli gatesP(S§ = 1) = 4 ford 2 [D], ands§ de-

notes the realization of the random vec83r Note thatS°

is similar toSYz) except that the latter is a function of

and the former is constant for @l Thus, their approach

optimizes for a xed feature selection independent of contex-

tual information by promoting sparsity in feature selection

through the regularization teri [jjsjjo]. In contrast, we  Figure 3.XOR2. (A) Ground truth feature signi cance as a func-
perform context-speci ¢ feature selection by maximizing tion of context,z. Feature gates for c-STG (B) and weighted
the sparsity through the empirical mean of E&).across ¢-STG (C).

various realizations of . The following theorem draws a

connection between their empirical risk minimizations.

Theorem 2. ¢-STG attains an optimal risk lower or equal

to the risk attained by STG. The hypernetwork and prediction network parameters are

Through the following Theorems 3 and 4, we further em_Iearned using back propagation, as detailed in Algorithm 1.

phasize the advantage of c-STG over STG. Theorem 5. Weighted ¢-STG attains an optimal risk lower

Theorem 3. In a linear regression setup, the rela'[ionshipOr equal to the risk attained by ¢-STG.

between the optimal parameters of the conditional Bernoulli
stochastic gates, (z), and the optimal parameters of the 4. Experimentst

non-conditional Bernoulli stochastic gateg, is given by . ) .
We evaluate c-STG and weighted c-STG against multi-

stg= Ez[ (2): (7) ple benchmarks: 1) context-speci ¢ techniques Contex-

tual LASSO and CEN; 2) the sample-speci ¢ method IN-

Theorem 4. In a linear regression setup, the relationshipVASE (Yoon et al., 2018); 3) an active feature selection
between the optimal parameters of the conditional Gaussia@PProach: AFS (Covert et al., 2023); 4) population-level
stochastic gates, (z), and the optimal parameters of the methods like LASSO and STG; and 5) a prediction model

non-conditional Gaussian stochastic gategis given by without any feature selection. We train the population-level
methods and prediction model without any feature selec-

sg= Ez[ (2)] (8) tion using either 1) only the explanatory features as input
or 2) concatenating these features with the context vari-

The theorems illustrate that c-STG offers an enhanced fe&Ples (referred to as ‘with context). See supplementary
ture selection resolution by pinpointing features crucial tomaterial (Appendix C) for implementation details on the
speci ¢ contexts. This stands in contrast to STG, whichhyper-parameters of all methods. We report the performance
tends to select features based on their average importangéall methods in Table 1 and their corresponding number
across various contexts. Theorem 3 delineates this diffef’ Selected features in (Table 2) for four datasets, demon-
ence in the realm of discrete probability spaces, whereadrating c-STG and weighted c-STG outperform competing

Theorem 4 addresses the continuous probability spaces. THaethods.

proofs of all theorems are provided in the appendix. Simulated Datasets: First, we use synthetic data to val-
idate that our method can identify context-speci c infor-
3.3. Weighted Conditional STG mative features while learning non-linear prediction func-

We extend ¢-STG to weighted conditional-STG (weighteoﬂons' Following synthetic examples in (Yamada et al., 2020;

c-STG) to determine and quantify the signi cance of the ang et al., 2022b), we design a nonlinear moving XOR

features identi ed by the conditional stochastic gates. Todataset (XOR1), described in the appendix, and a nonlinear

achieve this, we integrate an additional layer in our mode\’\'e'(~:"ht(9(j moving XOR (XOR?) as follows. We generate a

that maps the hypernetwork's penultimate layr(z), date;]mattrlx.x with llOdOIE)samples an<|2§>_ f(taqgu:gs, V_\ll_?]ere
to a weight vectow(z) = Why (z) + b, as depicted in each entry is sampled from a normal distribution. The con-

Figure 2 (green circles). Explanatory featureare masked textual variablez is sampled uniformly fronf 0; 1, 2, 3g.

by the feature selection outpefz) and weighted byv(z), 'Code for c-STG is available ihttps://github.com/
then fed into the prediction model for task execution.Mishne-Lab/Conditional-STG

6
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Figure 5.Housing. Geographic signi cance of nine housing fea-
Figure 4.Heart disease. Feature selection gates for eachinput  tures according to weighted c-STG analysig) &(z)). The
feature as a function of context—age and gender (left - femaleged to blue gradient denotes positive to negative impact, respec-
and center - males)—produced by weighted c-STG. The differencévely, with gray as neutral. Weighted signi cant features (A) and
in the c-STG values between males and females indicates gendewmselected features (B).
speci ¢ informative features as a function of age.

Heart disease dataset: We now focus on medical data,

The prediction variable y is generated as speci cally, the heart disease dataset from UCI ML repos-
itory (Janosi et al., 1988). Given features including chest
8 ReLU (0:5x1 + X5); ifz=0; pain type, resting blood pressure, serum cholesterol levels,
% ReLU (x: + 05 T 1i and more, our goal is to understand how age and gender
XOR2: y(x;z) = eLU (x, 5%2); ' z=4 : in uence these biometrics in relation to the risk of heart
3 ReLU(0:5x3 + x4); ifz=2; disease. Age and gender are set as a two-dimensional con-
" ReLU(x3 +0:5x4); ifz=3: textual input to our hypernetwork in this binary classi cation

problem. Table 1 shows the 5-fold cross-validation accuracy
Based on the value df, the response variablefor differ-  where we surpass other methods.
ent samples will have different feature signi cance. Fig. 3Weighted ¢-STG analysis (Fig. 4) reveals age and gender-
shows that c-STG correctly recovers which features are _~ % L :
. L " . Speci ¢ feature signi cance for heart disease. For example,
signi cant for prediction while weighted c-STG recovers N . - . L
; . cholesterol ("chol’) monitoring becomes crucial with in-
context-dependent importance. Furthermore, we IntrOducgreased age as a risk factor for cardiovascular disease. In
a third synthetic example (XOR3) in the appendix, which g ’

demonstrates c-STG's advantage over contextual LASSCTales’ cholesterol's relevance arises around age 50, likely
due to the absence of hormone-induced cholesterol regula-

particularly by showcasing how the latter is prone to shrink-. A . :
age problems in a linear context, tion. In females, a signi cant cholesterol risk arises later, .
past age 70, when they are post-menopause, and estrogen's
MNIST: We apply our proposed method for image classi - protective effect has faded. Similarly, a at ST segment
cation using a subset of the MNIST dataset, including digitslope (‘'slope2’) indicates heart disease risk in females start-
images of 4 and 9. To create a contextually diverse set ahg at age 45, intensifying post-menopause. For males,
input images, we rotate each original image by intervals ofslope?2' becomes signi cant after 55, showcasing distinct
45 degrees, resulting in eight distinct images per originatardiovascular risk patterns between genders.
image. In this example, the goal is to identify which pixels
most effectively differentiate between the digits per rotation
angle. Applying ¢c-STG or weighted ¢c-STG where rotationIn the domain of housing price prediction, understanding
serves as context results in a test accurac9&% In Fig.1, how various features, such as the renovation condition or
we contrast STG with ¢c-STG, illustrating the superiority of oor height, in uence its cost based on the house's location
context-speci c feature selection over population-level analin the city requires context-speci c feature selection. The
ysis. By comparing separate STG models for distinct cate-lousing dataset (Lianjia, 2017) includes a set of features
gorical contexts against a uni ed c-STG model, we nd that such as age, elevator, oor height, renovation condition, and
c-STG leads to higher accuracy with fewer samples (Fig.12he latitude and longitude of the house. We used our pro-
in the appendix). posed approach to predict the price of the house using all

Housing dataset:



Contextual Feature Selection with Conditional Stochastic Gates

Table 1.Comparison of feature selectioBold indicates best performance and underlimdicates second-best.

XOR1 XOR2 MNIST Heart disease Housing
Accuracy 00) R? score Accuracy @0) || Accuracy 06) R? score
LASSO 50.09 (1.23) || 0.3109(0.0175)| 83.87 (0.05) || 83.50 (3.69) | 0.2161 (0.0014)
with context 50.05 (1.09) || 0.3105(0.0170)| 83.88(0.04) | 83.67 (3.48) || 0.2272 (0.0016)
Prediction model | 70.74 (17.72)|| 0.3409 (0.0192)| 98.11 (0.05) | 86.53 (1.51) || 0.2022 (0.0361)
with context 71.93 (11.88)|| 0.3382 (0.0167)| 98.21 (0.07) | 83.92 (5.52) | 0.2132(0.0381)
STG 73.98 (0.69) || 0.3516 (0.0287)| 98.55 (0.08) || 86.53 (2.11) || 0.2139 (0.0023)
with context 74.22 (1.25) || 0.3487 (0.0269)| 98.34 (0.07) | 87.88(1.95) | 0.2234 (0.0022)
CEN 50.08 (0.67) || 0.5186 (0.0126)| 87.66 (0.24) | 84.17 (5.69) | 0.2561 (0.0002)
Contextual LASSO | 50.60 (0.61) || 0.7316 (0.0090)| 97.17 (0.04) || 83.19 (5.32) || 0.4616(0.0033)
AFS 78.95(19.91) || 0.7572 (0.0187)] 94.83(0.84) || 86.44 (1.07) || 0.3963 (0.0092)
INVASE 52.36(1.70) || 0.4627(0.0194)] 88.06(2.30) || 87.22(2.20) | 0.3335 (0.0203)
c-STG (Ours) 100(0) 0.8739(0.0107)| 98.66(0.05) || 87.55 (3.41) || 0.3976 (0.0082)
Weighted ¢-STG (Ours 100(0) 0.9956(0.0008) || 98.69(0.06) 89.23(1.72) 0.5308(0.0052)

Table 2.Comparison of a number of features selected on XOR, MNIST, Housing, and heart disease da&batdicates least number
of selected features and underlindicates second-best.

XOR1 XOR2 MNIST Heart disease| Housing

LASSO 18.80 (0.87)|[ 14.20 (2.04)|| 621.70 (4.77) 13.6 (1.11) 8.00 (0.00)

with context 21.50 (0.92)|| 14.60 (1.85)|| 627.5 (3.26) 16.90 (0.70) || 10.00 (0.00)

STG 6.60 (1.50) || 5.60(1.02) || 585.40(3.77) || 16.60 (2.65) || 8.00 (0.00)

with context 4.20(0.40) 4.20(0.40) || 148.80(2.64) 18.00 (4.15) || 8.00 (0.00)
Contextual LASSO 4.60+1.93| 2.75(0.93) || 357.72(8.88) || 11.79(3.66) || 5.43(0.29)
AFS 5.40 (4.27) || 2.00(0.00) || 290.00 (20.00)|| 8.00(5.48) 2.70(0.64)

INVASE 9.85(1.47) || 13.04 (0.09)| 376.49 (12.30)|| 9.12(1.85) 4.80 (0.16)
c-STG (Ours) 3.00(0.00) 2.00(0.00) || 247.25 (10.84)|| 9.69 (0.81) 2.70(0.42)
Weighted c-STG (Ours) 3.00(0.00) 2.00(0.00) 217.02(2.87) 6.50(0.50) 4.36(0.30)

the features while considering the location (latitude and loneoding a particular behavior as a function of task-relevant
gitude) as two-dimensional contextual data. For this datasetiming, sensory input, or arousal state. In (Levy et al., 2020),
our weighted ¢c-STG outperforms all other models. Visualthe authors study a motor task where mice are trained to
izing weighted c-STG feature signi cance in Fig. 5 offers perform a hand-reach task of a food pellet, given an auditory
key insights into the Housing dataset. First, feature imporeue (tone). They recorded the activity of neurons in layers 2-
tance shows a localized pattern, with neighboring location8 of the primary motor cortex, where each trial was labeled
displaying similar feature signi cance. Secondly, subwayas successful if the animal managed to grab and consume
presence in the city center positively impacts house pricthe food pellet. Cellular networks in the motor cortex are
ing, possibly due to enhanced accessibility and conveniencexpected to communicate error signals while acquiring a
In contrast, subway presence negatively affects prices inew motor task to achieve improvement across attempts. To
the outskirts, potentially due to increased noise and disrugest this hypothesis, (Levy et al., 2020) trained a separate
tion. Additionally, renovated properties in the city center SVM binary model to classify trials as success or failure
positively in uence pricing, likely because renovations in per neuron based on the activity during a short time win-
high-demand urban areas add signi cant value to propertieslow. This resulted in training 7866 models (342 neurons
These ndings provide valuable insights for real estate com- 23 sliding time windows). The analysis showed that 1)
panies and policymakers. By understanding which featuresutcome can be consistently decoded from neuronal activity
are more important in which locations, they can make instarting 2 seconds after the tone till the end of the trial; 2)
formed decisions regarding housing prices, regulations, anti2% of neurons exhibited prolonged activity starting 2 sec-
development. onds after the tone, on either success or failure trials, thus
reporting” trial outcome.

Neuroscience: In studying the way the brain encodes be-
havior, perception, and memory, machine learning model$Jsing a single c-STG model, we reveal the same biological
are trained to predict measures of behavior from neuronahdings. We set the prediction model to be a binary clas-
activity recordings. Feature selection can provide valuablei er (success or failure); the explanatory features are the
insights by revealing individual (or subsets of) neurons enneuronal activity of all neurons in a given time window, and

8






