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ABSTRACT

Computer-aided Molecular and Process Design (CAMPD) is an equation-oriented multi-scale de-
cision making framework for designing both materials (molecules) and processes for separation,
reaction, and reactive separation whenever material choice significantly impacts process perfor-
mance. The inherent nonlinearity and nonconvexity in CAMPD optimization models, introduced
through the property and process models, pose challenges to state-of-the-art solvers. Recently,
quantum computing (QC) has shown promise for solving complex optimization problems, espe-
cially those involving discrete decisions. This motivates us to explore the potential usage of quan-
tum optimization techniques for solving CAMPD problems. We have developed a technique for
directly solving a class of mixed integer nonlinear programs using QC. Our approach represents
both continuous and integer design decisions by a set of binary variables through encoding
schemes. This transformation allows to reformulate certain types of CAMPD problems into Quad-
ratic Unconstrained Binary Optimization (QUBO) models that can be directly solved using quantum
annealing techniques. We illustrate this technique for the selection of optimal ionic liquids (IL) and
the configuration of a reactor-separator process network. We also discuss several challenges that

are associated with quantum optimization when solving large scale CAMPD problems.

Keywords: Optimization, Multiscale Modeling, Process Design, Quantum Optimization, CAMPD

INTRODUCTION

Computer-Aided Molecular and Process Design
(CAMPD) allows systematic identification of optimal ma-
terials and processes, thereby facilitating the transition
towards more sustainable and cost-effective chemical
processes. CAMPD typically involves solving mixed-inte-
ger nonlinear program (MINLP) of the following form:

. rocess rocess
min  C(x%, xat, xh) Xy )

st gy (axlpet, xmat) < 0

gz(xmat xmat =0 (P1)
gs(xprocess’xgroceSS) <0
g4(xprocess, xgroce%) -0

gs (xmat, process) <0
Je (xm“t, proceSS) =0
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where the decision variables include both discrete and
continuous variables. Molecular design is achieved
through the optimal choices for a set of design variables
(x74t) that correspond to the molecular fingerprints or
groups that constitute the material, as well as perfor-
mance variables (x,,m“t) that dictate the material proper-
ties. Process design and configuration is achieved
through a set of variables (x}°““**) that represent pro-
cess design specifications and typically involve both in-
teger variables (such as feed location, number of column
stages, etc.) and continuous variables (such as solvent
flow rate, reflux ratio, operating pressure, and tempera-
ture). The process performance variables (x;, °““**) dic-
tate the separation efficiency, product purity, etc. The
objective function € aims to minimize the overall cost of
the process and is subject to a set of constraints. The
constraints g4 (xJ'*, %) < 0 and g,(x}%, x;'*) = 0 in-
clude the thermodynamic and transport property

L < xmat < xU,
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relations and molecular structure-property models. In
many cases, empirical structure-property relationships,
such as group contribution models [1-2] or trained neural
networks [3] are considered. They also contain a set of
constraints that describe molecular generation rules to
form structurally feasible molecules from a collection of
groups or descriptors [4]. For solvent design, for exam-
ple, these constraints typically involve the octet rule to
ensure that the molecule satisfies atom balance. Often,
bounds are imposed on the number of groups of a partic-
ular type to ensure the generation of a finite number of
molecules. The constraints gs(xh ", x)™“**) < 0 are
process inequality constraints (e.g., bounds on tempera-
ture, pressure, and other operational design decisions),
while the constraint g, (x5°*, x)"°“***) = 0 pertains to
the mass and energy conservation laws governing the
process, and thermodynamic models such as the
Gamma-Phi model [5-6] or equation of states that dictate
the vapor-liquid equilibria (VLE) inside a separation unit,
or nonlinear kinetic models integrated with VLE models
for reactive-distillation processes [7-8]. Finally,
gs(xnat, xb70%%%) < 0 and g (xet, x07°°*) = 0 are link-
ing constraints that describe the interaction between the
material and process level performance through material
property, thermodynamic property, and process models.

Several solution techniques and CAMPD ap-
proaches have been reported in the past, especially in
systematically identifying organic solvents and solvent-
based separation processes [9-12]. These approaches
can be bottom-up, top-down, or simultaneous [13]. The
bottom-up approach decomposes the CAMPD problem
by first considering the molecular decisions, and sequen-
tially reducing the feasible space by adding constraints,
thereby deriving optimal product and process pairs [10-
1]. The top-down approach also decomposes the
CAMPD, and first optimizes the process performance by
considering an ideal hypothetical molecule, and then op-
timizes over the molecular design space to match the
molecular property targets [9,14]. The simultaneous ap-
proach often considers a relatively smaller design space
for tractability and simultaneously solves CAMPD using
modified outer approximation [15] or generalized bend-
ers decomposition algorithm [16]. CAMPD problems are
multiscale in nature and often involve models with highly
nonlinear, nonconvex terms, or many mixed variables and
constraints. Despite significant progress in global optimi-
zation [17-18], large-scale discrete-continuous prob-
lems, as commonly occurred in CAMPD, can still be
daunting, requiring extensive computational time to
achieve feasible solutions [19].

Recent advances in quantum computing (QC) show
promise to unlock new avenues for solving complex op-
timization problems [20-21]. Quantum optimization tech-
niques are primarily used to solve Quadratic Uncon-
strained Binary Optimization (QUBO) problems [21].
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Linear and quadratic integer programs can be converted
to QUBO, with constraints reformulated as quadratic
penalties to the objective function [21-22]. Once formu-
lated, these QUBO models are mapped onto quantum de-
vices, leveraging the principles of quantum annealing to
solve these models as energy minimization problems
[22]. However, CAMPD problems are characterized by
their constraints and continuous decision variables,
which do not have direct QUBO reformulations.

To bridge this gap, we have formulated a technique
that represents continuous and integer variables by a set
of binary variables through efficient encoding schemes.
This allows us to reformulate a class of MINLP to QUBO
and subsequently solve them using QC platforms,
thereby facilitating the solution to certain CAMPD prob-
lems. We illustrate our technique for the simultaneous se-
lection of ionic liquids (IL) and the configuration of a re-
actor separator process network. We convert the CAMPD
model into QUBO and then solve them using D-Wave's
quantum annealer, with results compared against deter-
ministic solvers. Our results suggest that QC is able to
obtain good feasible solutions in terms of process con-
figuration and IL selection, thereby establishing the effi-
cacy of QC for CAMPD.

COMPUTER-AIDED MOLECULAR AND
PROCESS DESIGN WITH IONIC LIQUIDS

Designing efficient separation systems using ILs as
solvent is gaining increasing research attention. ILs pos-
sess many desirable properties (e.g., high thermal and
chemical stability, low vapor pressure, etc.) that make
them a suitable choice for solvent, especially for separat-
ing gas mixtures [5-6]. ILs are salts that exist in the liquid
state at ambient conditions. These are largely con-
structed by a pair of cation core, anion, and organic func-
tional groups that are attached to the cation core. For ex-
ample, 1-butyl-3-methylimidazolium chloride, a common
IL known as [BMIM][CI], is formed by an imidazolium cat-
ion core, a chloride ion, and a butyl group attached to the
cation core. Based on the type and number of groups and
ions that are present in an IL, the corresponding material
performance can vary. As such, ILs can be molecularly
designed for the desired performance that makes them
suitable for CAMPD application. However, the design
space for ILs is very large, owing to the combinatorial
possibilities in the assignment of their anion and cation
components as well as side groups. In addition to the op-
timal choice of IL, process optimization needs to be per-
formed which typically involves identifying the optimal
process design variables. A process network synthesis
with the consideration of IL selection involves mixed-in-
teger variables across multiple scales, making the opti-
mization highly non-trivial. To illustrate, consider a mix-
ture separation task in an extractive distillation column
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using ILs. For this case, the molecular structural con-
straints for ILs, g, and g, can take the following form
[23]:

YiecaC =1, 2jeanci =1

Yjecavsun(2 —v;) g —2=0 M
LB< ) G<UB
JjESUb

where Ca, An, Sub refer to the set of groups or molecular
descriptors for the cation core, anion, and side groups
respectively. v; is the number of bonds for group j, LB
and UB are the minimum and maximum number for each
group. g, and g, can also include property models of the
following form:

Tm(K) =c + anj < Tmax (2)

JECaUAnuUSide

Inu (cp) = ¢, + Z n;q;
jECaUAnUSide

n;b;
+ T < In gy 3
JECaUAnUSide

where the set of properties can be a function of the
groups, as well as of design variables such as tempera-
ture or pressure. Process constraints gz and g, typically
enforce bounds on the flowrates, operating temperature,
and pressure. These also include mass, energy, and mo-
mentum balances of the following form:

Xi = g Z Xi vk (4)

i€lnlet i€Outlet

where for a separation unit k, a4 is the separation effi-
ciency that is dictated by the choice of ILs. The linking
constraints g5 and g, relate the process level perfor-
mance with the material selection, and can take the form
as follows:

1 Mw;
Bt =75 X 3, Z Prmin )
i
Sij = 'BL 2 Simin (6)
L

The distribution coefficient (8;) and selectivity (S;;) can
be obtained through a VLE model and are linked with the
IL design through the molecular weight, MW, . Finally, the
objective function can be a nonlinear function of the pro-
cess streams to minimize the overall cost. Therefore, the
overall CAMPD model can be posed as a mixed-integer
nonlinear program (MINLP) involving nonlinearities and
nonconvexities across multiple scales making them chal-
lenging to solve.
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SOLVING MIXED-INTEGER PROGRAMS
USING QUANTUM COMPUTING

We will first assume a quadratic approximation of all
nonlinear models, making the overall CAMPD a mixed in-
teger quadratically constrained quadratic program (M-
QCQP). Then, we will demonstrate the reformulation of
MIQCQP to QUBO. Finally, we will extend it to a class of
MINLP by introducing nonlinear encoding.

Assume that the vectors of all material and process
level variables (x[et, xjat,xb7°°°%, x)7°°*%) are aggre-
gated in a vector x. We can then express the CAMPD (un-
der quadratic approximation, MIQCQP) in a compact form
as follows:

min  xTHx+ c'x
X

st. ATCyx+alx<b, k=1,..,u (P2)

x €ER" X 7P,

where H € R+P)*x(+p) js 5 symmetric matrix of real con-
stants, ¢ € RO*?) ¢, € R»)xn+p) q, € RM*P) and b, €
R.

Encoding

To solve the model (P2) using QC, it first needs to
be reformulated to a QUBO. For that, we utilize several
encoding schemes for an approximate representation of
both the continuous and integer variables in terms of bi-
nary variables. To illustrate this, let x,, € R, with xL, <
X, < xZ. It can then be scaled to %, E Rwith 0 < %,,, < 1
as follows:

Xm = ern + (xrl{l - xrl‘n)fm @)

Then %, can be approximately represented by the
binary variables using unary encoding as follows [24]:

T =~ z§=1z?=1 10772 j + 107/ 2, (8)

where z; ; ., € {0,1}, and J is the number of decimal places.
To illustrate this, consider %, = 0.342. For ] = 3, we can
write Xy =107 (zyym + o+ Zoam) + 1072 (2y5m + o+
Zogm) +1073(2y3m + =+ + Zo3m). The number of binary
variables to represent %,, can be reduced by using a bi-
nary encoding as follows:

X =~ Z§=1 10_1'(21,]-',,1 + 275 jm +323jm + 324,]-,,,1) +

107/ z,, (9)

For an integer variable, that is, x,, € Z let I be the
least positive integer such that 2! > |x,,,|. Then, using bi-
nary encoding, |x,,| = ¥i_; 2!z, Where z;,, € {0,1}.
Reformulating Mixed-Integer Quadratic
Program with Linear Constraints to QUBO

Let us first consider a mixed-integer quadratic

Syst Control Trans 3:292-299 (2024) 294



program with linear constraints (MIQP) by setting €, =
[0](+P)x(+P) Then (P2) can be written as:

min  xTHx+ c"x
X
st. Ax<b, (P3)
x € R" x 7P,

where A € R¥*(™*P) and b € R%. At first, we convert all in-
equality constraints into equalities by adding slack varia-
bles (s) to each constraint. Then we add a quadratic pen-
alty to the objective function by introducing penalty pa-
rameters (4), as follows:

min xTHx+ c"x+2T(Ax—b+s)T(Ax—b+5s) (10)

where 1 € R**%, and s € R***, We scale the continuous
variables {x,,}}-, and {s,}¥_, to {Z,,}h-, and {§,}%_,, re-
spectively with 0 < %,,35, < 1.Note that, sl =0,vv e,
and sJ can be calculated as follows:

sU = {bv - ernAvm' if Avm =0 (1—])
v b, —xYA,m, otherwise

After scaling, Equation (10) can be expressed in
terms of scaled variables as follows:

min ¥ HX + &%, (12)

where FI e ]R(n+p+u)><(n+p+u)lz. € Rn+p+u , and ¥ € RM+P+u
with % = [[¥1, ., 0] [Xns1s s Tnapl  [S1-8]], where
the first n decision variables are continuous, the next
p variables are binary, and the remaining u variables are
slack variables. We then represent all these scaled varia-
bles using unary or binary encoding, and finally reformu-
late as QUBO as follows:

min  z7Qz
z
st.  z=1{0,1)%, (P4)

whereQ e RF*Fand B =m+u)- (9 +1) +pand (n +u) -
(4] + 1) + p for unary and binary encoding, respectively.
Thus, the original n + p dimensional MIQP (P3) is refor-
mulated into a g dimensional QUBO.

Reformulating Mixed-Integer Quadratically
Constrained Quadratic Program to QUBO

Reformulating a mixed-integer quadratically con-
strained quadratic program (MIQCQP) to QUBO involves
two steps. In the first step, we reformulate MIQCQP to an
MIQP. In the second step, we follow the steps described
in the previous section to convert the reformulated MIQP
to QUBO. For Step 1 we introduce additional binary vari-
ables to substitute binary quadratic terms that appear in
the constraints and for each of them, add an equivalent
penalty function, f to the objective function as follows:

f=PBw—=2zw—2z,w + z,2,) (13)

where, w = z;z,,andw, zy,2, € {0,1}. z;z, is a binary
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quadratic term that appears in the constraint, and P € R,
is a penalty parameter. As shown in Table 1, for a feasible
configuration of z;,z,, and w, f =0 whereas infeasible
configuration implies f > 0.

Table 1: Penalty function for MIQCQP

Zq Zy w f
1 1 1 0
1 1 0 >0
1 0 0 0
1 0 1 >0
0 1 0 0
0 1 1 >0
0 0 0 0
0 0 1 >0
lllustrative Example

min  —2x;y; +y?
X1,Y1,Y2

st x;+yiy, <1, (P5)

0<x,<1;5,y, €{0,1}
We substitute y,y, in the constraint by defining w =
v1Y2, and add the penalty to the objective as follows:
min = —2x;y; +y5 + P3W — 2y1w — 2y,w + ¥1¥)

X1,Y1,Y2.W
st. xm+w<i, (P6)
0<x; <1;w,y;,y, €{01}

Here, Problem P6 is an MIQP with linear constraints.
We then encode the continuous variables using binary
encoding:

min —2{1071(zy11 + 22511 + 32311 + 32411) + Z}y1 + V2
+ P(3w — 2y,w — 2y,w + y1¥;)

S.t. 1071 (2111 + 2214 + 32311 + 32411) + 2y +w < 1, (P7)

Z111, Z211, 2311, Za11, 21, W, Y1, V2 € {0,1}

Here, Problem (P7) is a binary quadratic program
with linear constraints whose equivalent QUBO model is
constructed with the @ matrix given in Table 2. For J =
1,Q € R*3*13 with the last 5 binary variables used to en-
code the slack variable that corresponds to the con-
straint. We set P = 10, and solve the resulting QUBO in D-
Wave’s quantum annealer [25], and obtain the optimal
solution: x; = 1,y; = 1,y; = 0.

Encoding Nonlinear Terms

Assume that the CAMPD model consists of terms
such as %%, where a € R. We can then encode this non-
linear term using the same binary variables correspond-
ing to %,, as follows:
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ffﬁ ~ Z;:l Z?:lpi,j,mzi,j,m + QmZm: (14)

Zivijm < Zijm  Vi=12,..,1,7 =12, ..,|J] (15)

Note that the constraints corresponding to Equation
(15) have an exact penalty function that can be added to
the objective as follows: ¥/_, %% P(Zis1,jm = Zistjm -
z; jm)- Also note that, the parameters P, ; ,, and @,,, can be
precomputed for all instances of %% since a is known.
Specifically, consider jJ=1. This implies X =
Z?:l 0':lzi,l,m + 0-1Zm- Then: f‘gl = Zigzl Pi,l,m Zi1,m + szmr
where Py m =Viim — Yi-iam Yi€L Yo1m =0, and @y =
1—Y91,m, Where y; 1 ,, = (0.10)¢. To illustrate, assume that
%, takes the value 0.3. Then Equation (14) and (15) to-
gether ensures that the only valid solution is z;; ., =
Zy1m = Z31, = 1 and the others are 0. This then enforces
Xm=Y31m = (0.1-3)% = (0.3)%, as desired.

We can further encode other nonlinear terms that
can be approximately expressed in terms of %%, e.g.,
exp(x),log(x), sin(x), cos(x),log (1 + x) and log(x) using
McLaurin expansion. Finally, we can also encode general
nonlinear product terms such as [[,, %™ using the exp-
log-sum technique by encoding exp Qmamlogiy),
thereby allowing to reformulate MINLP with signomial
terms to QUBO.

INTEGRATED IL SELECTION AND
CONFIGURATION OF REACTOR
SEPARATOR NETWORK

We formulate and solve a reactor-separator net-
work synthesis problem with integrated IL selection as
shown in Figure 1. The separator performance depends
on the choice of ILs, thus making the overall problem a
CAMPD. In this illustrative case study, we assume that
the selection of ILs is made by choosing one anion and
one cation from a pool of anions and cations. Formally,
consider Cat = {c¢y, ¢y, ..., cc} and An = {a,, ay, ...,a,}. Then
all possible feasible ILs are constructed by IL=
{c x a| c € Cat,a € An}. With this construction, we formu-
late the following optimization model that integrates the
selection of ILs with the synthesis of the reactor-separa-
tor network.

minz Ly + Z cix{®

kEK el
2
+ ) o Z x;
keKs iEl,i(?;
+ Z cr Z X — Z X
keKs i€ iergt

s.t. kayk < ZiEIIi(” X < fkuyk, Vk €K (P8)
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Eiag}:t X; = Qg ZiEIIi(T.Lr Xi, Vk € K‘r
z.=1
CcECat
zg=1
a€eAn
Xi 2 ﬂk,c,a Z Xi — M(Z —Zc— Za)'
ieqin
i€lg,

Vi € I", k € K, c € Cat,a € An

Xi < ﬁk.c,a z X + M(Z —Zc— Za)r
e

Vi€ IR, k € K,,c € Cat,a € An

x;=>d,
LeIgut

where K is the set of all process units, K., K; c K are the
sets of all reactors and separators, respectively. a; is the
stoichiometric reactor conversion factor for a reactor k,
Br.cq IS the separation factor for a separator k with an IL
constructed by cation ¢ and anion a. IZ* and Ig¥ are the
set of all inlet and outlet streams, respectively, and d is
the demand. The decision variables involve all the
flowrate streams x; and the selection of cation and anion,
z. and z,, respectively. The objective is to minimize the
overall cost that includes the fixed cost, investment cost,
operating cost, and cost associated with emissions or
waste. ¢/ are coefficients for fixed cost; ¢/ and ¢}, are co-
efficients for operating cost for reactors and separators,
respectively; and cg are coefficients for the cost associ-
ated with waste or emission. The first constraint is re-
lated to the unit selection and flowrate bounds. The sec-
ond constraint is for the overall mass balance around the
reactors. The third and fourth constraints ensure that a
feasible IL is constructed by choosing only one cation
and one anion. The fifth and sixth constraints relate the
output flows from the separators to the IL selection. In
this way, the effect of the material selection on the pro-
cess performance is captured. The final constraint en-
sures that the sum of all output flows must satisfy the
demand. The overall problem involves both binary and
continuous variables. We solve the optimization problem
using a quantum annealer and compare the solution
against a deterministic solver that uses classical compu-
ting. All the quantum computation is performed on D-
Wave's LeapHybrid solver, and the results are compared
to that of a deterministic solver (BARON v44.2) run on a
Dell Windows system with Intel(R) Core (TM) i7-8750
2.20 GHz CPU and 16 GB RAM.

We select an initial pool of two cations and two ani-
ons. The goal is to select the best IL from the cation and
anion pool, as well as to select the best reactor-separator
network from two reactors and three separators. For that,
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Table 2: Q matrix for illustrative example.
Z111 Z211 Z311 Zan1 Z1 Y1 Y2 w Zsi11 Zsyyn Zsap Zs411 Zs
Z111 0 0 0 0 0 —107t 0 0 0 0 0 0 0
Zy1s 0 0 0 0 0 ._120_1 0 0 0 0 0 0 0
-3
Z311 0 0 0 0 0 1ot 0 0 0 0 0 0 0
Za1s 0 0 0 0 0 _130_1 0 0 0 0 0 0 0
Zq 0 0 0 0 0 -1071 0 0 0 0 0 0 0
2 -3 -3
-107t —-107t 0 pP/2 —P 0 0 0 0 0
7 0 107 - 101 -10-1 ~10 /
Vs 0 0 0 0 0 P/2 0 -P 0 0 0 0 0
w 0 0 0 0 0 —-P -P 0 0 0 0 0 0
2 3 3
-2 -2
Zs,, 0 0 0 0 0 0 0 0 107 7 o T2 g0z 10
2 4 6 6 2
= 0 0 0 0 0 0 0 0 10~ -1072 - 1072 1072 -1072
3 6 9 9 3
0 0 0 0 0 0 0 0 .
== 107 -1072 -1072 1072  -1072
3 6 9 9 3
Z .
St 0 0 0 0 0 0 0 O 107102 102 102 1072
2 3 3
-2 -2
Zs 0 0 0 0 0 0 0 0 107 7 5 T2 g0z 10
Y3
Y1 Sl X9
B1=f1dL) |79
X1 R1 (0.400) (0.420) i ©20n
(1.072) (0.054) Wll .
(1.999) a; =0.8 X 4
(1.488) 5 X10 d=2
(0119 52 (0.732) . 2.016)
Y2 B2 = f2(IL) | (1099 (2.000)
xz e 4 W2
2| R2 o "y
- a; =0.9 X
(1.285) 8 X
(0.240) 53 11
(0.000) Bs = f3(IL) Egg;gg
ng
Figure 1: Schematic of an integrated IL selection and reactor-separator network

the parameters used are as follows: By, = 07,811, =
0.9, B121 =08, B122 =09, B211 =08, B212,=07, Br21 =
0.9, Ba22 = 0.6, B31,1 = 0.9, B312 =06, B321 =07, B322 =
0.9. The conversion factors for the two reactors are: a;, =
0.8, a, = 0.9. Cost parameters in the objective function

are as follows: ¢/ =10,cf =15,cf =8,/ =9, =10.
Operating cost parameters for the reactors are [0.5,0.7].
Operating cost parameters for the separators are
[0.2,0.7,0.5]. Emission cost parameters for the separators
are [1.2,1.5,0.9]. The upper bound on the flowrate for all
streams (see Figure 1) is 2. This results in a MINLP with
39 constraints. Using these model parameters, we first

Iftakher et al. / LAPSE:2024.1540
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solve the optimization model in GAMS using BARON
v44.2. The optimal objective and the network selections
are as follows: f,,; = 46.009,y; =1,y, =1,y; =1y, =
1,}’5 =0, Zlcation =0, Zé‘ation — LZ{znion — ngnion =0. The
optimal IL is constructed by combining the 2™ cation with
the 15t anion. Also, both reactors are selected, and only
the first and the second separators are selected.

We then solve the same optimization model in D-
Wave's LeapHybrid solver. For that, we first eliminate the
constraints for anion and cation selection, that is,
Ycecat Zc =1 and Ygean zo =1, by observing that, for
[Cat| = |An| = 2, an exact penalty function P(1 — z; — z, +
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2z,2,) can be achieved, where P is a penalty parameter
whose value is set to 2. After removing the two con-
straints and adding the equivalent penalties to the objec-
tive, we now have a reduced MINLP with 37 constraints.
We then reformulate it to QUBO by adding a quadratic
penalty to the objective function and representing con-
tinuous variables by unary encoding (J = 5). We obtain a
feasible solution as follows: f,,; = 58.369,y; = 1,y, =
1,}’3 =1y, =1ys = 1,Zfati0n =0, chation — 1’Z{mion —

0, zgm'”" = 1. From the results, we can observe that all the
process units are selected resulting in a higher value for
the objective. However, it confirms that it is possible to
obtain good feasible solutions using QC.

CONCLUSIONS

We have developed a technique for solving mixed-
integer programs using Quantum Computing (QC) that al-
lows us to solve Computer-aided Molecular and Process
Design (CAMPD) problems. Our methodology utilizes ef-
ficient encoding schemes and transforms a class of
Mixed-Integer Nonlinear Programs into Quadratic Uncon-
strained Binary Optimization (QUBO) models, thus mak-
ing them possible to solve using QC platforms. We
demonstrate the framework for the selection of optimal
ionic liquid and configuration of a reactor-separator pro-
cess with promising results suggesting QC's potential to
solve CAMPD problems. However, scalability and ap-
plicability to large-scale industrial problems remain a
challenge for the quantum optimization-based approach.
Also, the solution quality and feasibility of the QC solution
heavily depend upon the penalty parameter. Ongoing
works include the decomposition of CAMPD models as
well as the QUBO matrix by exploiting their structure,
thus enabling the solution to larger CAMPD problems.

ACKNOWLEDGEMENTS

The authors gratefully acknowledge support from
the NSF CAREER award CBET-1943479. Part of the re-
search was conducted with the computing resources
provided by Texas A&M High Performance Research
Computing.

REFERENCES

1.  Constantinou L, Gani R. New group contribution
method for estimating properties of pure
compounds. A/ChE J40(10): 1697-1710 (1994)

2. Marrero J, Gani R. Group-contribution based
estimation of pure component properties. Fluid
phase equilib183: 183-208 (2001)

3. Grimstad B, Andersson H. RelLU networks as
surrogate models in mixed-integer linear programs.
Comput Chem Eng 131: 106580 (2019)

Iftakher et al. / LAPSE:2024.1540

10.

1.

12.

13.

14.

15.

16.

17.

18.

Syst Control Trans 3:292-299 (2024)

Churi N, Achenie LE. Novel mathematical
programming model for computer aided molecular
design. /nd Eng Chem Res 35(10): 3788-3794
(1996)

Shiflett MB, Yokozeki A. Solubility and diffusivity of
hydrofluorocarbons in room-temperature ionic
liquids. AIChE J 52(3), 1205-1219 (2006)

Monjur MS, Iftakher A, Hasan MMF. Separation
process synthesis for high-gwp refrigerant
mixtures: Extractive distillation using ionic liquids.
Ind Eng Chem Res 61(12): 4390-4406 (2022)
Iftakher A, Mansouri SS, Nahid A, Tula AK,
Choudhury MS, Lee JH, Gani R. Integrated design
and control of reactive distillation processes using
the driving force approach. A/ChE J 67(6): e17227
(2021)

Taylor R, Krishna R. Modelling reactive distillation.
Chem Eng Science, 55(22): pp.5183-5229 2000.
Bardow A, Steur K, Gross J. Continuous-Molecular
Targeting for Integrated Solvent and Process
Design. /Ind Eng Chem Res 49(6):2834-2840 (2010)
Burger J, Papaioannou V, Gopinath S, Jackson G,
Galindo A, Adjiman CS. A hierarchical method to
integrated solvent and process design of physical
CO2 absorption using the SAFT-y Mie approach.
AIChE J61(10): 3249-3269 (2015)

Hostrup M, Harper PM, Gani R. Design of
environmentally benign processes: integration of
solvent design and separation process synthesis.
Comput & Chem Eng 23 (10): 1395-1414 (1999)

Liu Q, Zhang L, Liu L, Du J, Tula AK, Eden M, Gani R.
OptCAMD: An optimization-based framework and
tool for molecular and mixture product design,
Comput & Chem Eng124: 285-301 (2018)

Iftakher A, Monjur MS, Hasan MMF. An Overview of
Computer-aided Molecular and Process Design.
Chem Ing Tech 95:315-333 (2023)

Eljack FT, Eden MR, Kazantzi V, Qin X, El-Halwagi
MM. Simultaneous process and molecular design—
A property based approach. A/ChE J 53(5): 1232-
1239 (2007)

Gopinath S, Jackson G, Galindo A, Adjiman CS.
Outer approximation algorithm with physical domain
reduction for computer-aided molecular and
separation process design. A/ChE J, 62(9), 3484-
3504 (2016)

Buxton A, Livingston AG, Pistikopoulos EN. Optimal
design of solvent blends for environmental impact
minimization. A/ChE J, 45(4): 817-843 (1999)
Floudas CA. Deterministic global optimization:
theory, methods and applications (Vol. 37). Springer
Science & Business Media (2013)

Misener R, Floudas CA. Antigone: algorithms for
continuous/integer global optimization of nonlinear
equations. J Glob Optim 59(2-3):503-526 (2014)

298



19. Ajagekar A, Humble T, You F. Quantum computing
based hybrid solution strategies for large-scale
discrete-continuous optimization problems. Comput
Chem Eng132: 106630 (2020)

20. Grant EK, Humble TS. Adiabatic Quantum
Computing and Quantum Annealing. Oxford
University Press (2020)

21. Glover F, Kochenberger G, Hennig R, Du Y. Quantum
bridge analytics i: a tutorial on formulating and using
qubo models. Ann Oper Res 314:141-183 (2022)

22. Anthony M, Boros E, Crama Y, Gruber A. Quadratic
reformulations of nonlinear binary optimization
problems. Math Programming162(1): 115-144 (2017)

23. Chao H, Song Z, Cheng H, Chen L, Qi Z. Computer-
aided design and process evaluation of ionic liquids
for n-hexane-methylcyclopentane extractive
distillation. Sep. Purif. Techno/196: 157-165 (2018)

24. |Iftakher A, Kazi MK, Hasan MMF. Mixed-integer
Quadratic Optimization using Quantum Computing
for Process Applications. /n Proceeding of the
Foundations of Computer Aided Process Operations
/ Chemical Process Control1-6 (2023)

25. Ushijima-Mwesigwa H, Negre CF, Mniszewski SM.
Graph partitioning using quantum annealing on the
d-wave system. /n Proceedings of the Second
International Workshop on Post Moores Era
Supercomputing, 22-29 (2017)

© 2024 by the authors. Licensed to PSEcommunity.org and PSE
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator
and adaptations must be shared under the same terms. See
https://creativecommons.org/licenses/by-sa/4.0/

Iftakher et al. /| LAPSE:2024.1540 Syst Control Trans 3:292-299 (2024) 299



