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ABSTRACT

The design of cyclic adsorption processes is computationally expensive as it involves screening
many process designs, each of which involve a time-consuming simulation to reach cyclic steady
state. In this work, we demonstrate how differentiable programming can be used to accelerate
both the simulation and attainment of cyclic steady state for a four-step pressure vacuum swing
adsorption (PVSA) process to concentrate carbon dioxide from flue gas. A mechanistic one-di-
mensional dynamic adsorption model was implemented in JAX, enabling automatic differentiation
and just-in-time compilation for efficient solution and accurate sensitivity evaluation. The latter
was exploited to implement a Newton-based direct determination method for accelerated conver-
gence to cyclic steady state, avoiding repeated cycle simulations. Across 4096 designs sampled
in a six-dimensional design space, the direct determination method converged in an average of
4.6 iterations, compared to 145 cycles required by successive substitution. When combined with
the computational gains from the JAX framework, this resulted in an overall speed-up of over 20
times relative to the conventional MATLAB-based implementation.

Keywords: Differentiable Programming, JAX, cyclic adsorption processes, mechanistic modelling, gradient-
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INTRODUCTION

Cyclic adsorption processes are used throughout a
range of industrial settings for gas separations and have
seen an increase in interest for their use in carbon cap-
ture applications. In these processes, a solid adsorbent is
used to selectively adsorb components of a gas stream,
due to differences in adsorption capacity. The adsorbent
is regenerated through changing the column conditions
such as with a decrease in pressure and/or an increase in
temperature. Thus, adsorption processes consist of a se-
quence of distinct steps, which repeat in a cyclic manner.

Computational process models are a powerful and
widely used tool for screening potential designs, where
operating parameters such as the pressure set points, or
duration of the steps are varied to optimise the process
performance [1]. Such models describe the dynamic be-
haviour of these processes through systems of partial
differential equations (PDEs) which represent mass, en-
ergy and momentum balances. Despite the inherently dy-
namic nature of adsorption processes, they are typically
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designed to operate at cyclic steady state (CSS): an op-
erating point where one cycle behaves identically to the
next. Therefore, determination of this CSS is a key part
of evaluating every candidate process design. Typical
methods involve simulating the process for multiple cy-
cles, from startup conditions, until CSS is reached. De-
pending on the process and operating conditions, this
procedure may require tens, hundreds or thousands of
cycles to converge [2, 3]. In isolation, this procedure of-
ten requires just a few minutes of CPU time to evaluate
the performance of the design at CSS. However, process
design and optimisation studies typically evaluate thou-
sands of designs due to having several operational pa-
rameters to evaluate simultaneously. Thus, for one pro-
cess, the design may require hundreds or thousands of
CPU hours [4, 5]. The computational demand becomes
even larger when different cycle configurations or adsor-
bents are compared, or if uncertainty quantification is re-
quired, as the total number of high-fidelity simulations in-
creases substantially, leading to a large cumulative com-
putational cost even when parallel resources are
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available, limiting the use of high-fidelity process models.
As such, many authors have turned to short-cut models,
where axial gradients are neglected[6, 7] or trained ma-
chine learning surrogates using data from high-fidelity
process models [8, 9].

The conventional approach to reach CSS described
above relies on successive substitution, in which the final
state of one cycle is used as the initial condition for the
next, which benefits from simulating the process dynam-
ics. However, there have been several methods devel-
oped within the literature to accelerate the determination
of CSS. Gradient-based methods, where the Jacobian
matrix of the output state of the cycle with respect to the
input state is used in a Newton iteration, have been used
to converge to the CSS in fewer iterations [3, 10-12].
However, the evaluation of these gradients, typically
through solving the forward sensitivity or adjoint ordinary
differential equations [13, 14], require an added compu-
tational requirement at each iteration. Quasi-Newton
methods, which do not require a full Jacobian evaluation
at each iteration have been used to reduce this demand
[10, 15]. Gradient-free approaches, such as algebraic
methods introduced by Subraveti et al. [2], where the
next iteration is based on the three preceding inputs have
been used for the fixed point iteration. Machine learning
models have also been trained to predict CSS [16]. Rather
than the conventional method of solving the PDE system
using the method of lines and integrating the resulting or-
dinary differential equations (ODEs), the full discretiza-
tion of the PDE system (in both the spatial and time do-
main) reduces the system of equations to a set of alge-
braic equations, which can be combined with the CSS cri-
terion to avoid repeated simulation [17]. However, au-
thors have reported convergence difficulty with this
method [12]. To address this issue, Tsay et al. developed
a pseudo-transient model based on the fully discretized
system to simulate and optimize cyclic processes[18].

Differentiable programming offers a promising alter-
native for addressing the above challenges by enabling
the efficient computation of exact gradients of model
outputs with respect to inputs. Recent advances in dif-
ferentiable frameworks, such as Google’s JAX and MIT’s
Julia, have made automatic differentiation techniques
accessible to develop end-to-end differentiable mecha-
nistic models. Such models have been applied to crystal-
lisation processes, computational fluid dynamics, chemi-
cal reaction networks and molecular dynamics simula-
tions[19-22].

In this work, we exploit these capabilities to develop
a differentiable model of a pressure vacuum swing ad-
sorption (PVSA) process for carbon capture. Due to the
high computational effort required for the design and op-
timisation from the repeated simulations to obtain CSS,
this study explores the use of JAX to accelerate process
simulations. The first method for the acceleration of the
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solution of the ODE system is using just-in-time compila-
tion and automatic differentiation within the ODE solver.
By leveraging exact sensitivities, the second method im-
plements a Newton-based direct determination method
for rapid convergence to CSS [3], through a discrete sen-
sitivity method.

METHODOLOGY

Mechanistic Adsorption Model

The case study for this work is a four-step pressure
vacuum swing adsorption process for the separation of a
15% carbon dioxide in nitrogen feed, using Zeolite 13X as
the adsorbent (Figure 1). This case study has been cho-
sen for this work as it has been a system of interest
throughout many optimisation studies, and due to its rel-
evancy to post-combustion carbon capture applications
[5, 23-25]. The process model describes the coupled
heat and mass transfer in the adsorption bed through a
system of partial differential and algebraic equations. The
following assumptions are made in deriving the model
equations:

e Only spatial gradients in the axial direction of the col-
umn are considered.

e The gas phase is ideal.

e Thermal equilibrium between the solid, adsorbed and
gas phases.

e Constant heat capacities of all phases.

e Constant density of solid phase and the column wall.

e Constant column void fraction and adsorbent particle
size.

e Constant mass dispersion coefficient and effective
thermal conductivity.

e The pressure drop along the column is described by

Darcy's law.
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Figure 1. Schematic of the four step PVSA cycle. The four
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Table 1: Adsorption model equations
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steps include adsorption, forward blowdown,
evacuation and forward pressurisation

reverse

The one-dimensional PDE model which describes
the heat and mass balances within the column is illus-
trated in Table 1. Auxiliary equations include the adsorp-
tion isotherms which describe the thermodynamic equi-
librium between the gas and the adsorbed phase. For the
Zeolite 13X adsorbent used in this work, the extended
dual-site Langmuir model is used to quantify this relation-
ship for the carbon dioxide and nitrogen mixture. The pa-
rameters used for this model are the same as those re-
ported in Ward and Pini [5]. For each step of the four-
step cycle, the PDE system is solved with the boundary
Glover et al. / LAPSE:2026.0325
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conditions relevant to the step, as described in [5]. The
diagram in Figure 1 illustrates this 4-step cycle with the
pressure profile given below. The cycle begins with ad-
sorption at the high pressure set point. Blowdown to the
intermediate pressure set point removes most of the ad-
sorbed nitrogen. The carbon dioxide product is extracted
in the evacuation step before the column is repressurized
with the feed.

Numerical Solution and Sensitivities

A finite volume discretization (10 finite volumes) of
the spatial domain of PDE system was used to reduce the
system to a set of ODEs that were then solved sequen-
tially for each step of the cycle. Due to stiffness of the
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Figure 2. Convergence to cyclic steady state for successive substitution (left) and direct determination (right)
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ODEs, arising from diffusion, heat conduction, and ad-
sorption source terms, we emplan implicit time integra-
tion scheme. Specifically, a numerical differentiation for-
mula (NDF) method similar to MATLAB’s ode15s solver
was implemented in JAX [26]. This implementation uses
automatic differentiation (AD) to efficiently evaluate the
Jacobian of the state gradients with respect to the state
variables: a key part of the implicit solver.

Sensitivities of the system states with respect to the
initial conditions are required for the direct determination
of CSS. Rather than using continuous sensitivity equa-
tions, a discrete forward sensitivity method was used, in
which sensitivities are obtained by differentiating the nu-
merical integration scheme itself. This ensures that the
computed gradients are consistent with the discrete tra-
jectory produced by the time integrator and enables the
reuse of Jacobian information already computed by the
implicit solve. The use of automatic differentiation within
the JAX differentiable framework makes the evaluation of
sensitivities computationally effective for the use of the
direct determination method for reaching CSS in adsorp-
tion processes. All the simulations were performed on an
Intel Core i5-10500 CPU with 8GB of RAM.

Direct Determination of Cyclic Steady State

The CSS is defined as a point where each cycle op-
erates identically to the next. In mathematical models this
can be monitored through the convergence of the overall
mass balance, the key performance indicators, or the val-
ues of the state variables themselves. In this work, we
define the cycle error as the difference between the vec-
tor of state variables at the start and end of a cycle
(Equation 1). The state variable vector x includes the
pressure, column temperature, wall temperature, gas
phase mole fraction and adsorbed quantity at every finite
volume element. The subscript k represents the iteration
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number, with x{ denoting the initial state of the cycle and
x; the final state.

e = x; — X\

@

The CSS is reached when the max norm (also known
as the L®) of this error (normalised to the input state) is
less than 1075, To attain the CSS, the successive substi-
tution method uses the final state of the cycle as the ini-
tial state for the next cycle, following the dynamics of the
process (Equation 2).

0 —
Xk+1 = Xk

e

As the design of adsorption processes is typically at
the CSS and the dynamics are not of interest, the direct
determination method described by Croft and LeVan is
used, where a Newton iteration, based on the gradient of
the error vector with respect to the initial state is used for
the initial state of the next iterate (Equation 3).

aek_l
~o Ck

0 0
Xp.1 =X, —
k+1 k
+ axg

(3)

Within the literature, authors have mentioned the
computational burden of solving for the sensitivities as a
bottleneck for the implementation of this method [27].
The availability of gradients, accurate to the state solu-
tion integration, which can be computed efficiently in the
JAX ecosystem, allows for the implementation of gradi-
ent-based methods.

RESULTS AND DISCUSSION

Convergence f the successive substitution and di-
rect determination methods was compared for the PVSA
process, with the initial condition corresponding to a bed
saturated with the feed gas. The design parameters were
taken from the optimal cost design reported by Ward and

981



Pini [5].

For the successive substitution method, conver-
gence to the specified CSS tolerance required 116 cycles
(Figure 2, left plot). Beyond this point, further cycling
continued to reduce the error, but at a significantly
slower rate. To reach an error level comparable to the nu-
merical tolerance of the ODE solver, nearly 350 full pro-
cess cycles were required. This slow asymptotic conver-
gence behaviour is characteristic of successive substitu-
tion, which exhibits linear convergence near the fixed-
point. In contrast, the direct determination method only
required 6 Newton iterations, with solver level accuracy
being achieved within 7 iterations (Figure 2, right plot).
Compared to the fixed-point iteration, close to quadratic
convergence is expected for this direct determination
method as it includes the Newton iteration.

The convergence properties of cyclic adsorption
processes can be characterised by the dominant Floquet
multiplier, which is also known as the spectral radius, and

is the largest eigenvalue of the Jacobian matrix for the
Oxy

cycle, Py When this value is less than unity, the CSS is
*k

stable, but as this value approaches one, the cycle dy-
namics become increasingly sluggish, such that more it-
erations are required to reach CSS when the successive
substitution method is used. For the adsorption process
considered in this work, the dominant Floquet multiplier
was calculated as 0.952 at the CSS. For processes ex-
hibiting even slower cycle dynamics, often seen in air pu-
rification PSA processes, systems with strongly adsorb-
ing impurities, or rapid PSAs cycles, the direct determi-
nation method is therefore expected to yield even
greater performance compared to the successive substi-
tution method. Conversely, processes with temperature
swings and longer cycle times, such as direct air capture
processes, typically exhibit faster cycle dynamics such
that fewer cycle simulations are required to reach CSS
when using the successive substitution method.

While the single-design study illustrates the poten-
tial of the direct determination method, practical process
design and optimisation studies require reliable perfor-
mance of this method across a wide range of operating
conditions. To assess robustness and scalability, both
methods were therefore applied to a set of 4096 designs
generated using Sobol sampling in a six-dimensional de-
sign space. The sampled parameters include the step du-
rations for the adsorption, blowdown and evacuation
steps, the high and intermediate pressure set points and
the feed velocity. These parameters are commonly se-
lected in adsorption process optimisation studies, where
the low-pressure set-point is fixed at 0.05 bar, and 20s
for the pressurisation time. The bounds of the design pa-
rameters are given in Table 2.

Table 2: Bounds for design parameters.

Glover et al. / LAPSE:2026.0325

Parameter Lower Bound Upper Bound
taas [S] 20 100
By [bar] 1 10
vp [ms™1] 0.1 2
tpa 5] 30 100
B [bar] 0.07 3
tovae [5] 30 100

For each design, the CSS was computed using three
different approaches:

1. Successive substitution in JAX
2. Direct determination in JAX

3. Successive substitution in MATLAB which is repre-
sentative of standard practice.

For all implementations, simulations were run to the
same CSS criteria. Between the two successive substitu-
tion methods, the solution method differs only in the
evaluations of the Jacobian within the implicit ODE
solver, which are computed through automatic differen-
tiation in JAX and via numerical approximation in
MATLAB. The comparison with an equivalent model in
MATLAB was included to benchmark performance
against the current standard approach for modelling cy-
clic adsorption processes. For the direct determination
method, the ODE solver was modified such that the Ja-
cobian was evaluated at every accepted time step, rather
than being reused over multiple steps when the sensitiv-
ities are not required.

2500 T
Direct Determination, mean = 4.6

Successive Substitution, mean = 145.0
1
2000 -

Frequency
@
(=]
(=]

o

[=1

[=1
L

500 4

0 T T
107 101 10° 10°

lterations to CSS
Figure 3. Distribution of iterations required to reach
cyclic steady state for the 4096 Sobol-sampled designs,
for the two methods. The number of iterations are plotted
on a logarithmic axis.

Figure 3 shows the histogram of iterations required
to reach CSS for the successive substitution and the di-
rect determination methods across all Sobol-sampled
designs. For every design, both methods converged to
the same CSS, as verified by identical purity and recovery
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Figure 4. Distribution of CPU time required to reach cyclic steady state for 4096 Sobol-sampled designs, for each
of the three approaches. The simulation time is plotted on a logarithmic axis

values at convergence. On average, the direct determi-
nation method converged to CSS in 4.6 iterations com-
pared with 145 cycles for the successive substitution
method. The spread of iterations was substantially larger
for the successive substitution method. Most of the di-
rect determination simulations converged in 4 iterations,
with very few requiring more than 6. However, the suc-
cessive substitution method required between 50 and
1000 iterations across the sampled design space. This
behaviour highlights the robustness of direct determina-
tion which avoids the need to explicitly follow slow cycle
dynamics to CSS.

In this work, the direct determination method was
shown to attain CSS with significantly fewer iterations
than the successive substitution method. This reduction
in iteration count comes at the cost of additional compu-
tation per iteration due to the evaluation of state sensi-
tivities. As such, computational time was also compared
for the methods across all Sobol-sampled designs (Fig-
ure 4). For the process considered here, the direct deter-
mination method achieved convergence to CSS approxi-
mately three times faster than the successive substitu-
tion on average, requiring less than 4 seconds of CPU
time per design. For processes with faster cycle dynam-
ics, where fewer successive substitution iterations are
required, the relative benefit of direct determination may
be reduced. However, the automatic differentiation in
JAX allows for this method to be accessible, accurate and
efficient.

Glover et al. / LAPSE:2026.0325

Also shown in Figure 4 is the comparison with the
“standard” MATLAB implementation. The same solution
method in JAX compared to MATLAB achieved nearly an
eightfold reduction in solution time due to the just-in-time
compilation and automatic differentiation available in
JAX. These results the one-off compilation cost of 26
seconds for the JAX just-in-time compilation, which is in-
curred only during the first solution of the ODE system.
For optimisation studies that require evaluating lots of
model designs, this compilation overhead is negligible
compared to the total computational cost.

CONCLUSIONS

In this work, a mechanistic model of a cyclic adsorp-
tion process for post combustion capture was developed
within the JAX differentiable framework. A key limitation
of adsorption process modelling is the computational
time required to evaluate the dynamic process model as
it typically involves solving a system of semi-discretized
PDEs several hundred times to simulate the process from
startup to cyclic steady state. This cost is exacerbated in
design and optimisation studies where thousands of can-
didate designs must be evaluated. The differentiable
model was used to accelerate the solution of the result-
ing ODE system, and to enable the efficient computation
of accurate sensitivities. These sensitivities were ex-
ploited to implement a Newton-based direct determina-
tion method to accelerate the convergence to the cyclic
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state, in which gradients of the final state of the cycle
with respect to the initial state were used. This was made
effective due to the automatic differentiation tools within
the JAX environment.

Both the direct determination method and the tradi-
tional successive substitution method which simulates
the actual dynamics of the process were compared for
4096 Sobol samples in a six-dimensional design space.
Both methods converged to the same CSS, with the di-
rect determination method requiring over an order of
magnitude fewer iterations due to the quadratic conver-
gence of the Newton method. Despite the additional
computational effort required per iteration for sensitivity
evaluation, the overall time to reach cyclic steady state
was significantly reduced, with the direct determination
method achieving convergence approximately three
times faster on average compared to the successive sub-
stitution method.

Performance gains were also obtained during the
solution of the ODE system for the JAX framework when
compared to an equivalent MATLAB implementation
which is representative of the current modelling practice.
The combination of the direct determination method and
the efficient ODE solution yielded a total speed-up of
over 20 times compared to the MATLAB implementation.
These results demonstrate that differentiable program-
ming is a useful tool for accelerating the design of ad-
sorption processes. As well as gradient-based methods
for the determination of CSS, this framework is further
extendable to gradient-based optimisation.
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