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ABSTRACT

Porous materials such as Metal-Organic Frameworks and Covalent Organic Frameworks are
emerging adsorbent materials with tunable structures and chemistry, making them useful for ap-
plications such as carbon capture, drug delivery, gas separations, and storage. This work aims to
design and develop a systematic approach to build a data-driven recommendation system that
leverages the historical experimental data or simulation data to assist process engineers in iden-
tifying the most suitable adsorbents from a large candidate space. In general, only some of the
adsorption properties are available for porous materials owing to limited experimental data. In this
scenario, this problem can be formulated as a matrix completion problem, which aims to impute
the missing data by exploiting the underlying pattern in the available data. To this end, we propose
a parameterization of the kernelized probabilistic matrix factorization framework, which aims to
determine the nonlinear latent factors that are parameterized. The resulting bi-convex Maximum
a Posteriori objective with reproducing kernel Hilbert space penalties can be solved using an al-
ternating minimization approach. We demonstrate this approach on a publicly-available COF da-
taset. Of the 16 adsorption properties considered in this study, 15 of them can be predicted very
accurately for a missing percentage of up to 60%. Further, the proposed approach preserves the

ranking of COF candidates, which helps in accurate screening of best COFs for a given task.
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INTRODUCTION

Porous materials, particularly Metal-Organic Frame-
works (MOFs) and Covalent Organic Frameworks (COFs),
have emerged as materials characterized by their excep-
tional tunability in structure, and chemical functionality
[1]. COFs are built from elements connected through co-
valent bonds, yielding materials with permanent porosity,
high surface areas, and controllable pore environments
[2]. These attributes have positioned these porous can-
didates as leading for a diverse applications including
carbon capture, hydrogen and methane storage, selec-
tive gas separations, and catalysis. The vastness of the
COF chemical space emphasizes the need of computa-
tional screening to identify promising candidates for spe-
cific applications, yet this screening is fundamentally
constrained by the availability of property data.
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Experimental measurement of adsorption isotherms, se-
lectivity, and Henry coefficients is time-consuming and
resource-intensive, often requiring specialized equip-
ment and expertise. Molecular simulations, can predict
these properties computationally, but remain expensive
for large-scale screening across diverse conditions [3,
4]. This scenario gives rise to a matrix completion prob-
lem.

To formally define the problem, consider an incom-
plete matrix X € R™*P where the rows correspond to m
COF candidates, and the columns correspond to p ad-
sorption properties. Only a subset of entries QC
{1,...,m} x{1,...,p} is observed, and the goal of the rec-
ommendation engine is to accurately impute the missing
entries to allow complete screening and ranking of COF
candidates for a given task. This problem of imputing
missing values in materials property matrices has been
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approached by Sturluson et al. where they used linear
matrix factorization with I, regularization [5]. However,
the relationships among material properties are nonlin-
ear, and thus kernel methods offer an attractive approach
to incorporate the similarity between materials and prop-
erties while guaranteeing the computational tractability
of the proposed model [6].

In this work, we develop a parameterization of the
kernelized probabilistic matrix factorization approach for
imputing missing entries to provide reliable predictions
for the recommendation system. Our approach extends
the Kernelized Probabilistic Matrix Factorization (KPMF)
by parameterizing both row and column latent factors
through kernel matrices. The resulting inference problem
is formulated as Maximum a Posteriori (MAP) estimation
problem with RKHS-induced penalties on the latent fac-
tors, yielding a bi-convex objective that we optimize ef-
ficiently via alternating minimization. We demonstrate the
efficacy of our approach on a benchmark adsorption
property dataset [3, 4].

The main contributions of this work includes: (a) a
parameterization of the kernelized matrix factorization
model that uses latent factors as Z = KA and W = KpB,
enabling the incorporation of side information on both
materials and properties, (b) formulate the corresponding
learning problem as MAP estimation with RKHS-induced
penalties, (c) demonstrate the imputation performance of
the proposed approach in a publicly available COF da-
taset for varying missing percentages, and (d) finally, we
present screening of adsorbent materials to identify the
best COF candidates for targeted adsorption applica-
tions.

The remainder of this paper is organized as follows.
Firstly, we present the problem statement for developing
the data-driven recommendation system, which involved
accurate imputation and screening of materials. Next, we
propose a data imputation technique using kernelized
probabilistic matrix factorization followed by a parametri-
zation strategy. Next, an alternating minimization algo-
rithm for solving the proposed formulation is presented.
Later, the screening of adsorbent material is presented.
In the subsequent section, we demonstrate the effective-
ness of the proposed recommendation system in a COF
dataset. Finally, conclusions are presented.

PROBLEM STATEMENT

The objective of this work is to design and develop
a systematic approach to build a data-driven recommen-
dation system that leverages the historical experimental
data or simulation data to assist process engineers in
identifying the most suitable adsorbents from a large
candidate space. The recommendation system should be
capable of handling sparse and noisy data to capture the
nonlinear relationship to accelerate screening of
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adsorbents and improve the decision quality. The com-
putational screening of porous materials generates vast
datasets of potential material candidates. However, the
cost of molecular simulations — particularly Grand Canon-
ical Monte Carlo (GCMC) calculations for generating the
adsorption isotherms - scales up significantly, making
comprehensive characterization of all candidates com-
putationally infeasible. On the other hand, performing ex-
periments to determine the adsorption properties of all
adsorbent candidates is prohibitive due to the high cost.
This naturally leads to datasets with substantial missing
entries, thus solving a matrix completion problem is a cru-
cial step in the development of a recommendation sys-
tem.

In this context, given partial observations
{Xmp: (m,p) € Q} of a materials property matrix, our goal is
to determine the missing observations {Xp,,: (m,p) & Q} of
the complete data matrix X such that, X’mp ~ Xpmp for all
(m,p) € Q and the complete data matrix exhibits low-
rank structure or lies on a low-dimensional manifold. This
low-rank assumption is physically motivated, as in prac-
tice, material properties are governed by a smaller set of
underlying factors that collectively determine macro-
scopic adsorption behavior. This latent structure enables
imputation of unobserved entries by exploiting correla-
tions among materials and properties. Consider the ob-
servation model of the form

me = Zfz(Yn)gz(P) +€mp  Emp ~ N(0,0%) (1)
=1

where f(.) and g (.) denote the I*" latent function of ma-
terials (rows) and properties (columns), respectively. r
denotes the latent dimensions. The measurement errors
emp fOllow a univariate Gaussian distribution with mean
zero and variance ¢2. Let X,;s and X, denote the missing
and observed entries of a complete data matrix X. Then,
the standard imputation problem is often cast as a maxi-
mum-a-posteriori (MAP) inference problem, and it can be
stated in a probabilistic setting as follows

5imiss = argmax P (X,,;s | Xo) (2)

The proposed formulation belongs to a class of probabil-
istic methods in a collaborative filtering framework. This
approach enables one to reconstruct the full data matrix,
which is useful for providing the ranking of adsorbent
materials for a decision-focused objective of a recom-
mendation system.

PROPOSED METHODOLOGY

This section develops a parametrized kernelized
probabilistic matrix factorization approach for imputing
missing entries. Firstly, we present the vanilla version of
a non-parameterized kernelized probabilistic matrix fac-
torization, followed by the parameterized version for
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accurate imputation of adsorption properties [6]. To this
end, we formalize the problem with kernel-encoded side
information, derive the MAP formulation. Next, we de-
velop the alternating minimization technique to solve the
probabilistic imputation problem. Finally, we present the
screening of adsorbent materials for potential applica-
tions.

Kernelized Probabilistic Matrix Factorization

In this section, we present the kernelized probabil-
istic matrix factorization approach to solve the matrix
completion problem that characterizes the nonlinear la-
tent dimensions, following the work of Zhou et al. [6]. In
a standard matrix factorization problem, all materials'
specific factors are considered to be independent (i.e.,
the isotropic Gaussian prior), regardless of any structure
or similarity. However, in materials science applications,
we often have side information indicating that certain
materials/properties are similar---for instance, MOFs
sharing amine functional groups are likely to exhibit good
CO, adsorption properties [7], Here, we use kernels to
encode prior knowledge about similarity among materials
or properties. In this method, each latent dimension fol-
lows a Gaussian process prior. In other words, each latent
dimension is assumed to be a random function drawn
from a Gaussian process.

[10) ~GP0,ky) &) ~GP(0,k,)  I=1,-,r
where k,,,k, are covariance functions which signify the
similarity between two COFs (rows) or two properties
(columns), respectively. Denoting z,,; = f,(m) and wy, =
gi(p), the observation model can be expressed as

.
me = Z Sim)gi(p) + €mp 3
=1 .
me = ZmiWp) + €mp 4)
=1
Notice thatitis a product of two Gaussian processes

which makes the model non-Gaussian over X. It is not a
Gaussian process over matrix entries. Now, the MAP es-
timation problem is presented as follows:

Ui" 81} = argmax P (Xp | X )
=argmax P ({f.g} | Xa) (5)

We can equivalently express it as,
2

Lypmr(Z, W) = Z
(m,p)eQ

+ Ay D fim)ly +2p Y I81(P)l, (6)
1=1 1=1

(me - fl(m)gz(m)
=1

This is a variational problem in infinite-dimensional
Reproducing Kernel Hilbert Spaces. This defines the ma-
trix completion problem entirely in a function space. As
this is computationally not-tractable, we consider evalu-
ating the Gaussian process at discrete indices (say n)
gives
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Fi) = U fu] ~ N (0.7-Kyr) )

8() = [ 8Ol ~ N (07-Kr) ®)

where K, and Kp are Gram matrices obtained by evalu-
ating the Gaussian process covariance functions on the
row and column index sets. Let Z =[f;(.) f,(.) ---f.(.)] €
RMr and W = [g;(.) g,(.) -+ g.(.)] € R®*. Each column is a
GP draw evaluated at all row indices, and columns are
independent across latent dimensions I. Thus, the prior
over the whole matrix Z is given by

1 r
PE) = TLNUAI0 Ky xp (=53 7 K1) 9)
=1
Similarly, the prior over the whole matrix $W$ is given by
1 r
p(W) =TI, N'(gl0, Kp) x exp (— EZ g Kpgz> (10)
=1

Now, the MAP objective with the GP prior on Z and W
becomes [6]:

Lypup(Z, W) = Z Xmp — Z,-lﬁ;,l/Up)2 + Mtr(ZTK;' Z)
(m,p)eQ
+ Aptr(WTKp'W)  (11)

It can be observed that (eq 11) is a bi-convex func-
tion in (Z, W), enabling the solution to the matrix comple-
tion problem using the alternating minimization tech-
nique. While KPMF can successfully incorporate side in-
formation on materials and properties, it has limitations
such as the regularization term requires computation of
K;#, which is computationally expensive for large M and
can be numerically unstable for ill-conditioned kernels,
and optimization over Z and W cannot fully exploit the
kernel structure.

Parametrization of Kernelized Probabilistic
Matrix Factorization

We now present the Parameterization of Kernelized
Probabilistic Matrix Factorization (P-KPMF) model, to ad-
dresses the limitations of KPMF through: (i) kernel regu-
larization on both materials and properties, and (ii) a
reparameterization that avoids explicit kernel matrix in-
version. Inspired by the representer theorem from kernel
methods, we parameterize the latent factors as linear

combinations of kernels
Z=KyA, W =KpB (12)

where A € RMX* and B € RPX* are coefficient matrices to
be learned and we place Gaussian priors on the columns
of A and B:

1 1 _
a, ~ N(O,EKMI) N bl ~ N(O,EKpl)a
I=1,..,r (13)

Notice that each column of matrices Z and W are
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realizations of a zero-mean Gaussian Process with covar-
iance functions k,, and k,, respectively. The resulting
MAP objective is:

2
[’P-KPMF(A9B) = Z (me - kLABTkp)
(m,p)eQ2

+ Atr(ATKA) + Aptr(BTKpB) (14)

. . . )
Define the residual for j* latent as rﬂm =Xpmp —
Z14(kpbr)(kmay)

. 2
'CP-KPMF(aﬁ bj) = Z ("r(r{;); - (kabj)(kLaj))
(m,p)eQ

+ Aytr(ATKyA) + Aptr(BTKpB) (15)

Similar to (eq 11), the above objective function (eq
15) is also bi-convex; however, it is expressed in terms of
Gram matrices K,; and K, without requiring inverse com-
putation. Owing to the bi-convexity, we can use alternat-
ing minimization to solve for the parameterization matri-
ces A and B. Thus, the first derivative of the objective
function with respect to a; and b, yields

[ > (kgb;) kmk + AMKM] a;
(m,p)eQ

= > 1D (kIb;)ky (16)
(m,p)eQ

> (khay) kg + APKP] b
(m,p)eQ
= > 1D (kha)k, (17)
(m,p)eQ

Now, we present the alternating minimization-based
solution methodology for imputing the missing observa-
tions using the proposed parameterized kernelized prob-
abilistic matrix factorization. The detailed methodology is
presented in Algorithm 1. This iterative approach involves
two steps: in the first step, we fix b; and solve for a; using
(16) and in the second step, we fix a; and solve for b; us-
ing (17). Notice that fixing one variable, result in a convex
optimization problem. Thus, the alternating minimization
enables one to solve the imputation problem.

Algorithm 1: Alternating Minimization for P-KPMF
1: Initialize a;, b;, Ky, K,

2: Set hyperparameters r, Ay, Ap

3: Set tolerance ¢, maximum iterations T
4:fort=1,...,T do

5:forj = 1,...,rdo

6: (A-step) Fix b;

7. Solve for a; using (16)

8: (B-step) Fix q;

9: Solve for b; using (17)

10: end for

1: Compute L5 _gpyr Via (15)
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Screening of Adsorbent Candidates

The primary objective of the proposed framework in
a recommendation system is to rank candidate materials.
Therefore, the model performance will also be evaluated
using rank-based metrics in addition to regression error
measures. To this end, we use Spearman’s rank correla-
tion coefficient (p;), which quantifies the monotonic
agreement between the imputed and true material prop-
erties. The Spearman rank correlation coefficient is de-
fined as:

B n(nz —1) (18)

ps=1

where d; denotes the difference between the ranks of the
corresponding imputed and observed values for the i
COF, and n denotes the total number of COFs. A higher
value of Spearman correlation indicates the true ranking
is preserved by the proposed imputation model, and a
lower value of Spearman correlation indicates that the or-
dering of COFs obtained by the imputation model is sig-
nificantly different from the true order of COFs. Thus,
high values of Spearman correlation signify that the rec-
ommendation system can provide a reliable ranking of
COFs for screening.

RESULTS AND DISCUSSION

In this section, we demonstrate the proposed pa-
rameterization of the kernelized probabilistic matrix fac-
torization approach to learn the nonlinear surface from
the adsorption properties of COF materials when there
are missing data. In this work, we use the adsorption data
of 573 COF candidates taken from AiiDA platform [3] for
16 features which includes uptake values and Henry Co-
efficients for CHa, COz, Hz, H20, H2S, Kr, N2, O2, Xe gas
species (same as in the work of [5]). We performed pre-
processing of the data using logarithmic transformation
for features that have values in the range (10~ to 1077).

For fair comparison, we consider the same missing
data points for performing imputation using the three
models: Linear Matrix Factorization (LMF) - studied by
[5]1, Kernelized Probabilistic Matrix Factorization (KPMF),
and the proposed parameterized form of Kernelized
Probabilistic Matrix Factorization (P-KPMF). To system-
atically evaluate different models, we consider imputa-
tion performance across a range of missingness fractions
between 10% to 90%. For each missingness, we generate
20 independent Missing Completely At Random (MCAR)
experiments, yielding a total of 180 experimental runs per
method. These experiments enable statistical
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Figure 1: Heatmap showing the comparison of the imputation performance of all 16 adsorption properties for
varying percentages of missingness using LMF (bottom triangle) and KPMF (top triangle), respectively.

P-KPMF —
R*<0.40

1.00

0.40 0.70
Figure 2. Heatmap showing the comparision of the imputation performance of all 16 adsorption properties for
varying percentage of missingness using LMF (bottom traingle) and P-KPMF (upper traingle), respectively.

characterization of performance variability attributable to
the increase in the percentage of missingness for various
imputation models under consideration. Hyperparame-
ters are optimized using grid search, and we use radial
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basis function kernels in this study.

Figure 1 presents the heatmap showing the compar-
ison of imputation performance (that is, coefficient of de-
termination R?) of all 16 adsorption properties over 20
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MCAR runs for varying percentages of missingness using
LMF (bottom triangle) and KPMF (top triangle), respec-
tively. The imputation performance of the LMF model
shows good predictions in 13 of the 16 adsorption prop-
erties. The adsorption properties such as uptake values
of H2 and CO: (at 300 K and 0.001 bar), and Henry coef-
ficient of H20 at 300 K cannot be predicted using both
models. It can be observed that the imputation perfor-
mance of the KPMF model is very poor, as can be seen
from the blue colors in the top triangles. This can be at-
tributed to the numerical instability in determining the in-
verse of the Gram matrices K, and K,,. Thus, it can be
observed LMF performs better than the non-parameter-
ized KPMF model.

Figure 2 presents the heatmap showing the compar-
ison of imputation performance (that is, coefficient of de-
termination R?) of all 16 adsorption properties over 20
MCAR runs for varying percentages of missingness using
LMF (bottom triangle) and P-KPMF (top triangle), respec-
tively. Notice that the predictive performance of 15 out of
16 adsorption properties can be determined accurately
by the proposed parameterization of the KPMF model.
More specifically, the adsorption properties such as up-
take values of H2 and CO- (at 300 K and 0.001 bar) can
be accurately predicted up to a missing percentage of
60%. Recall that these properties were poorly predicted
by the LMF model. Further, it can be observed that the
overall prediction accuracy of the remaining 15 properties
Sampathirao et al. /| LAPSE:2026.0422

Syst Control Trans 5:1754-1760 (2026)

Property
Figure 3. Bar plot showing the comparison of mean Spearman rank correlation obtained using LMF, KPMF, and P-
KPMF models.

shows improved performance using the P-KPMF model
over the LMF model. However, Henry coefficient of water
cannot predict accurately using both models. This im-
provement in performance can be attributed to the nu-
merical stability of the proposed parameterization of
PKMF, and use of kernel methods to capture the nonlin-
ear relationship among different adsorption properties.
Thus, the proposed P-KPMF model can provide accurate
imputations even when there is a missing percentage of
60%.

Figure 3 presents the bar plot showing the compar-
ison of mean Spearman rank correlation obtained for 60%
missing data using LMF, KPMF, and P-KPMF models.
Standard deviation values in predictions across 20 MCAR
runs for the 15 properties are also shown in the bar chart.
As the predictions for the Henry coefficient of H20 are
poor using all methods, we have omitted it. Among all
models, our proposed parametrization of kernelized
probabilistic matrix factorization yields a Spearman rank
correlation of 0.9, which indicates that the predicted
ranks are close to the true ranks. This highlights that our
proposed P-KPMF-based recommendation system will
yield reliable COF candidates for a given task. To illus-
trate, we have considered the screening of best-per-
forming COFs that achieves higher uptake values for COx.
Table presents the COF IDs as obtained from Materials
Cloud repositry of the best 3 COFs selected for CO2 up-
take at 30 bar and 300 K using LMF, KPMF, and P-KPMF
1759



models. True indicate the COF IDs with three highest CO-
uptake values at 30 bar and 300 K reported in the Mate-
rials Cloud repositry. The proposed P-KPMF-based rec-
ommendation system can identify all three best COFs
showing superior performance over the LMF and KPMF
models.

Table 1: Top 3 COF IDs for nc,(300 K, 30 bar).

Meth- COFID
ods
LMF 20116N3, 18143N3,
20430N3
KPMF 20116N3, 18143N3,
20430N3
P-KPMF 18142N3, 20430N3,
18143N3
True 18142N3, 18143N3,
20430N3
CONCLUSIONS

In this work, we presented a systematic approach to
develop a recommendation system that is based on the
parameterization of kernelized probabilistic matrix fac-
torization. This parameterization provided the accurate
determination of the material properties by eliminating
the inverse of computation of Gram matrices, which im-
proved numerical stability. Also, the use of Gaussian pro-
cess-based latent functions effectively captured the
nonlinear relationship. The resulting bi-convex MAP ob-
jective with regularization on the latent function has been
efficiently solved using an alternating minimization ap-
proach. We demonstrated that this proposed approach
showed superior predictive performance of adsorption
properties over the linear matrix factorization technique,
and also preserves the ordering for the effective screen-
ing of COF candidates up to 60% missing data. This high-
lights the significance of the proposed P-KPMF-based
recommendation system can predict the adsorption
properties and screening the candidates under a data-
scarce scenario. Future work will explore the multi-kernel
or deep kernel learning strategies that integrate hetero-
geneous material descriptors, such as geometric, chem-
ical, and topological features, within a unified latent rep-
resentation.
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