AIChE Journal

Evaluation of the Degree of Rate Control via Automatic
Differentiation

Journal: | AIChE Journal

Manuscript ID | AIChE-21-24177

Wiley - Manuscript type: | Research Article

Date Submitted by the

Author: 29-Jul-2021

Complete List of Authors: | Yang, Yilin; Carnegie Mellon University, Chemical Engineering
Achar, Siddarth; Carnegie Mellon University, Chemical Engineering
Kitchin, John; Carnegie Mellon University, Chemical Engineering

Keywords: | Reaction kinetics, Catalysis

C(

i A
SCHOLA

JONE™
Manuscripts

AIChE Journal




Page 1 of 26 AIChE Journal

oNOYTULT D WN =

o Evaluation of the Degree of Rate Control via Automatic

12 Differentiation

16 Yilin Yang, Siddarth K. Achar and John R. Kitchin

19 July 29, 2021

Abstract

26 The degree of rate control quantitatively identifies the kinetically relevant (some-
28 times known as rate-limiting) steps of a complex reaction network. This concept relies
30 on derivatives which are commonly implemented numerically, e.g. with finite differ-
32 ences. Numerical derivatives are tedious to implement, and can be problematic, and
unstable or unreliable. In this work, we demonstrate the use of automatic differentia-
tion in the evaluation of the degree of rate control. Automatic differentiation libraries
37 are increasingly available through modern machine learning frameworks. Compared to
39 the finite differences, automatic differentiation provides solutions with higher accuracy
41 with lower computational cost. Furthermore, we illustrate a hybrid local-global sensi-
43 tivity analysis method, the distributed evaluation of local sensitivity analysis (DELSA),
45 to assess the importance of kinetic parameters over an uncertain space. This method

also benefits from automatic differentiation to obtain high-quality results efficiently.

51 1 Introduction

54 Complex reaction systems involving multiple reaction steps are common in the real world.

56 Quantifying the influence of each reaction in a complex system is an important step to

59 1
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better understand what controls the kinetic behavior of the overall rate or to improve the
reaction system to meet a desired target by adjusting the reaction conditions or catalysts.
For example, we can increase the rate of the rate-determining step to increase the net reaction
rate. Among various tools, the degree of rate control (DRC) is a versatile concept proposed
by Campbell to measure the kinetic contribution of each reaction steps to a target reaction

1,2

rate*. There are many applications of this concept in the research areas of catalysis and

microkinetic modeling?™".

These applications involve the investigation of the relationship
between the reaction conditions and the rate-determining step®, using the degree of rate
control to screen the catalysts®, exploring the mechanism of reactions®* and so forth. The
kinetic DRC is defined as the derivative of the rate with respect to the energy of the transition

state or the forward kinetic rate constant given the corresponding equilibrium constant is

fixed:

ki ( Or Olnr
X s = 2 = 1
RCG = (ak‘z‘ ) ki K ((3 In k; ) by i K (1)

where 7 is the net rate of the production of interest, k; is the forward kinetic constant of
step ¢ and K is the equilibrium constant of step . The thermodynamic version of the DRC
extends the application of this concept to the free energy of the intermediate species in the

reaction system, which is mathematically defined as

Olnr
XrRrON = ( —G%> (2)
8ﬁ G(r)n#n’quTS

0,75
Gi’

where G° is the free energy of species m, is the transition-state energy of step {i}.

Several variants of the DRC have been proposed to fulfill different purposes, including the

29,10 and for uncertain parameters''.

DRC for selectivity®, for transient kinetics,

From a practical perspective, a simple and common way to assess the DRC is using finite
difference (FD) approximations for the derivatives®'%!2. These are fairly straightforward to
implement and only require a few more lines of code in addition to the original simulation

2
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code. Mathematically, the centered difference approximation is formulated by

k'i or kl or
Xpes = — ~ 3
RC, r (8ki>k#i’m T (Skl ( )

where 0k; is the perturbation applied on k; and r is the change of the net reaction
rate resulted from the perturbation of k;. Although the finite difference approximation is a
popular choice because of its ease of understanding and implementation, one must be careful
to choose the magnitude of the perturbation. The change of the kinetic constant should be
small enough such that the response of the net reaction is linear, but not so small that goes
beyond the precision limitation of the computer®.

Formally, there is a trade-off between the truncation error and the rounding error in
this approach. The scale of the truncation error is O(9) for the first-order derivative, which
prefers small §. However, when the ¢ is smaller than the precision limitation, then the value
is no longer reliable. In addition, FD requires O(n) rounds of function calls or forward
simulations to get the derivatives of n parameters, which is time consuming for large size
of parameters. For example, Bjarne et al. took 300 CPU-hours to conduct the sensitivity
analysis when investigating the mechanism of CO, hydrogenation on Ni(111) using finite
difference method '2.

To avoid these issues, sensitivity analysis methods like the direct sensitivity analysis
and the adjoint sensitivity analysis'?® are usually adopted by common differential equation
solvers 41 to provide the derivative of the numerical solution to the parameters for differen-
tial equations. The direct sensitivity analysis converts the solution sensitivity with respect
to the parameters of differential equations into n extra (number of parameters) differen-
tial equations, which are solved simultaneously with the original differential equations. The
adjoint sensitivity analysis requires the definition of some scalar functional of the numer-
ical solution and the parameters. Then the sensitivities are given by an integration. For
the mathematical details, one could refer to the introduction of these two methods in the

chemical kinetic systems by Sandu!.

3
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To be applied in the calculation of the DRC, the partial derivatives of the reaction
rate to the concentrations and the kinetic parameters still needs to be solved, since the
sensitivity analysis methods only provide the derivatives of the numerical solution (commonly
the concentration or coverages in the chemical kinetic systems) to the parameters. One of the

1819 which automatically

tools to integrate these derivatives is automatic differentiation (AD),
evaluates the derivatives of a function that is built on a set of atomic operations and functions
(e.g., addition, multiplication, exp, log, etc.). The derivatives are generated by chain rule
based on the derivatives of these elementary operations. For the DRC case, the numerical
integration and post functions from the kinetic constants to the reaction rate could be
regarded as a sequence of the atomic operations and functions. Thus, the derivatives of the
reaction rate to the kinetic constants could be evaluated by the chain rule applied on this
sequence of basic operations. In addition, AD calculates the derivatives simultaneously with
the function evaluations, which makes it more efficient compared to the finite difference or
direct sensitivity analysis.

In this work, we adopt AD to the evaluation of the DRC. In section 2.1, we introduce
the working mechanism of the AD to obtain the derivatives of a function automatically. In
section 3, we illustrate three case studies to check the correctness of the AD and to show
its advantages over FD. Specifically, we take the hypothetical reaction scheme from Foley’s

10 For a slightly more complicated example, we

non-steady DRC work as a simple case
use the water-gas shift reaction adopted from Motagamwala’s maximum rate work?’. Fi-
nally, we show the application of AD to calculate the DRC of a more complex mechanism,
the propylene partial oxidation on Cu(100),?! which involves 17 elementary steps. Fur-
ther more, we demonstrate the utilization of the distributed evaluation of local sensitivity
analysis (DELSA)?? to deal with the uncertain range of the kinetic parameters, which is a

hybrid local-global sensitivity analysis method to identify the important parameters and the

importance distribution over an uncertain range.

4
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2 Methodology

2.1 Automatic Differentiation

Automatic differentiation has two modes to generate the derivatives: the forward mode and
the reverse mode!®'Y. In the forward mode, the computational graph starts with the input
variables, and grows along the elementary operations and functions applied on the input
variables. During the forward expansion, the function evaluations and derivative calculations
take place simultaneously. In the reverse mode, there are two rounds of evaluations. The
first one is the forward evaluation of the function values starts from the input variables.
The second round is the back-propagation of the derivatives from the function output to the
input.

We use the example y = In (32 — 222) + 129 with (x1,22) = (1,1) as a prototype
example to illustrate the workflow of the AD. The computational graph is shown in Figure
1. The details of the forward AD and the reverse mode are shown in Table 1 and Table 2.
The comparison between the forward and the reverse mode is clear in Table 1 and Table 2.
In the forward mode, all derivatives of the intermediate and the final results with respect
to a specified input variable (z; in this case) are calculated in one forward propagation.
However, in the reverse mode, the derivative of a specified scalar output with respect to all
the intermediate and input variables are obtained in one backward propagation. Thus, the
forward mode is suitable for the functions with fewer input dimensions, while the reverse
mode is more efficient for the functions with fewer output dimensions.

Similar to the example above, AD could also be applied on the numerical integration of
the ODE systems. Consider the initial-value problem

0=F(0,k K.t), 0k K,t=0)=80, (4)

where @ is the state vector, f is the state derivative vector, k and K are the parameters

of this ODE system, and 8 _0 is the initial state vector. For the sake of simplicity, we assume

5
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Figure 1: Computational graph for the example y = In (327 — 2x2) + z122. Each blue node
contains the corresponding variable and the operation that applied on its parent node(s).
For instance, ws is the result of the multiplication between a constant 3 and another node

variable w;.

Table 1: Forward AD for the example y = In (3z; — 225) + x125. Left side shows the forward

function evaluations. Right side shows the derivative of ;—;. Head dot means -

2]

Function evaluation

Derivative calculation (from top to bottom)

wllezl
QUQZZI)Q:I
w3:3w1:3

wy = 2Wy = 2
U}5:U}3—'LU4:].
we = Inws =0
w7=w1w2:1
w8:w6+w7:1

Wy =21 =1

Wy =29 =10

W3 = 3w = 3

Wy = 2wy = 0
w5:u}3—u}4:3
U'JGZU%’U}‘L;:?)
u}7:w1u}2+u}1w2:1
wg = W + Wy = 4
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Table 2: Reverse AD for the example y = In (327 — 225) + x129. Left side shows the forward
function evaluations. Right side shows the back-propagation of the derivative of %.

Function evaluation Derivative calculation (from bottom to top)

_ _ Oy _ Oy Jwy __
w1 =T = 1 %931 = 88101 gfﬁl =
_ _ oy __ 9y Jwa _ __
”LUQ—[IZ’Q—l 852_851}283:2((9_81
_ _ Yy Y Yy ows __
W3 = 321)1 = 3 35111 = 8501 + Bawg gwl =
— _ Yy Y Yy Jwg __
Wy = 2w2 =2 851}2 - aém ;_ Owg Owas 1
_ _ _ [/ Yy Ows __
Ws = w3 Ws = 1 Ows ~ Ows Ows 1
dy __ Oy Ows __ -1
85114 — Ows gw4 -
— A Yy _ 0y Ows __
we = Inws =0 e = s s =
— — Yy Yy oJwy __
w7 - wle - 1 811)1 - 6w7 811)1 -
oy __ Oy dwy __
35112 Qw7 Ows
_ _ Yy Yy ows __
wg_w6+w7_1 Owg ~ Ows Owg
Oy __ Oy Jws __
Owry — Ows Owr

9y _ 9y 9y _ 1

y=ws=1 Dus — Oy dus

the explicit forward Euler method is used to solve this ODE. Thus, the update equation is

en—i-l == gn + h.f<0n> k> K, tn) (5)

where h is the step size. Therefore, to get the derivative of 8,1 with respect to k, we
have
de,,, do, df(0,,k, K. t,)

&k ak " dk (6)

In the forward AD, the derivative of the terms at the RHS of Eq 6 with respect to k
is propagated to the LHS. In the reverse AD, the derivative of 6, with respect to the
LHS is back propagated to the variables in the RHS. In both modes, the derivatives of the
ODE solution with respect to the parameters could be obtained automatically. Even if there
are post operations applied on the ODE solution (e.g., conversion of the concentrations to
reaction rates), the derivatives of the final results to the parameters can be calculated in an
end-to-end way as long as these operations are in the same computational graph. We note

that some ODE solvers may have the step size (h) that is dependent on the parameters, in

7
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this case, the derivative of the step size with respect to the parameters are enforced to be
zero during the implementation??.

In the past decade, various AD packages have been developed for applications in machine
learning . Typical examples include Pytorch?* and Jax?® in Python, and ForwardDiff?¢ in
Julia. To integrate the AD into the solution of an ODE system, the ODE solver should be
compatible to these AD packages and the operations and functions in the ODE solver should
be included in the computational graph of the AD packages. There are several modules sat-
isfying these requirements such as the torchdiffeq®” for Pytorch, the DifferentialEquations?®
for ForwardDiff and the PyBaMM? for Jax. In this work, we use the ForwardDiff and
DifferentialEquations in the Julia language since they provides various differentiable

ODE solvers that could handle various non-stiff and stiff problems.

2.2 Distributed Evaluation of Local Sensitivity Analysis

Distributed evaluation of local sensitivity analysis (DELSA)?? is a hybrid local-global sen-
sitivity analysis method to measure the distribution of parameter sensitivity across the pa-
rameter space with low computational cost. Basically, it is an extension to local sensitivity
analysis that takes the uncertainty of the parameters into account. The importance of a
parameter over the parameter space is measured by a local sensitivity statistic like the me-
dian or the mean of a set of samples drawn from the parameter space. Local sensitivity
analysis is then conducted on each parameter sample. This makes DELSA much cheaper to
get the detailed distribution of the importance over the parameter space than the Sobol’s
indices which is a popular global sensitivity analysis method based on the variance decom-
30,31

position . Mathematically, the first-order sensitivity measure for j* parameter at sample

7 is defined as

5| 5

T Vi) )
8
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where 5;; is the sensitivity measure for the parameter 6;; at sample 7, y; is the model
output or an element of the model output of sample 7, s; is the prior variance of ¢;, and
V(y;) is the total variance of the model output y;, which can be evaluated using the first-

order-second-moment method?>?:

Vi) = (g%)T (XTwX) (g?g) (8)

where X is a matrix of (neps + Nprior) TOWS and Npgram COIUMNS. Nops, Mpriors Mparam AT€

the number of observations, the number of prior information equations and the number of
parameters respectively. In the application of DELSA, there is no observation and the prior
information is the variance of each parameter. Therefore, nos = 0 and nprior = Nparam
and each row of X has zeros except for one which indicates the parameter associated with
the prior information. w is a diagonal matrix contains the reciprocal of the prior variance
of each parameter. More details of the structure of X and w could refer to the related
workg22:32:33

Intuitively, the sensitivity measure .S;; captures the contribution of 6;; to the total un-
certainty of the output y;. The parameters with more contribution to the uncertainty are
considered more important. This sensitivity measure gives similar importance evaluation to
the Sobol’s method?®® for the uncertain parameters in the previous reports?***. In addition,

DELSA could be easily integrated to the original local sensitivity implementation which is

the DRC with automatic differentiation in our work.

3 Results and Discussion

We firstly show that AD can reproduce the DRC results of previous reports!®?° in the first
two simple cases. Then, we compare the performance of the FD and the AD on another more
complicated reaction mechanism of propylene oxidation?!. Lastly, we show the application
of AD to deal with uncertain parameters by manually introducing an uncertain range for

9
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the kinetic constants in the propylene oxidation case.

3.1 Case I: Hypothetical Two-Step Reaction

We first consider the hypothetical reaction mechanism in Table 31°.

Table 3: Hypothetical Two-Step Catalytic Reaction (case I).1°
Step id Elementary Step  k; k_;
1 A+ Ax 107° 0
2 Ax+B—=>C+x 1 NA

which leads to the following differential equations (Eqs 9 - 10):

104.(t)

T = kaaa(0)0.(1) = ko104 () — koan ()04 (1) (9)
16.(8) _

T = —kiaa(®0.(0) + ko10a.(0) + kaan(1)0a. (1) (10)

where 6; are the coverages, a; are the thermodynamic activities and L is the number of

active sites. The net reaction rate is defined as the rate to produce C' per active site:

Tc(t)
L

= koap(t)0a. (1) (11)

The analytical solution for r¢(t)/L is

Tc(t) k‘laAk‘QaB (1

— kiaa+k_1+koap)t + kyapfa, e*(klaA‘Fk—l‘HCZaB)t 12
L klaA+/<:_1+k2aB ) 2B Ax0 ( )

— 67(

where 04, is the coverage of Ax at ¢t = 0.

According to the settings in the original paper'®, a4y = 1, ap(t < 0) = 1 and

10
AIChE Journal

Page 10 of 26



Page 11 of 26

oNOYTULT D WN =

AIChE Journal

ag(t > 0) = 3. Since k_; is set as 0 and k; < ko, thus

Tc(t)
L

= (k1aa) (1 — e_(kQaB)t) + kQGBQA*,Oe_(kNB)t (13)

which has the corresponding DRC as:

b L o
rea = i (1= e o) (1)

k2L —(k2ap)t —(k2ap)t 2 —(k2ap)t
Xreoo = o) [krasapte + apbla.oe — koa%0 44 ote ] (15)

We note that this transient DRC is based on the definition of Eq 1, which is different
from the modified version proposed by Bhan'®. Upon Eq 14 - 15, notice that at ¢t = 0%,
Xpea is 0 and Xpeo is 1. As t — 00, Xpe1 grows to 1 and Xpgeo decreases to 0. The
solutions from the analytical form and the AD are shown in Figure 2, in which the solution
of the AD perfectly matches the analytic solution over the whole time range. The DRC in
the Figure 2 does not obey the sum of kinetic DRC equaling one because the rate during the
transient process also depends on the time, apart from the kinetic constants. This issue is
discussed in more detail in the non-steady DRC paper'®. The main message conveyed by this
simple example is that the AD is practically equivalent to having the analytical derivatives
to evaluate the transient DRC defined by Eq 1, but without the need to analytically derive

the expressions or to approximate them with finite differences.

3.2 Case II: Redox mechanism for water-gas shift

Case I was a hypothetical example and it only contained two steps with manually set kinetic
parameters, which is relatively simple. In case II, we consider a more complicated reaction
mechanism for the water-gas shift reaction? which is listed in Table 4. The pressures for

the gas-phase species Pro, Pu,0, Pu,, Pco, are 0.07 atm, 0.21 atm, 0.38 atm, and 0.085

11
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Degree of Rate Control

DRC-1-Analytic
mmmmm DR C-2-Analytic
——— DRC-1-AD

DRC-2-AD

Figure 2: Degree of rate control for the hypothetical reaction of case 1 evaluated by analytic

solution and automatic differentiation.

Time (s)
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atm, respectively. The target net rate is of the production of the hydrogen, which could be

expressed as (Eq 16):

Py,
P

iy, = kit — ko120 (16)

For this reaction system, the DRC evaluated by the AD are shown in Figure 3. Among
the 7 steps of this reaction mechanism, only two steps are identified as important to the net
rate. Step 4 (dissociation of OHx) has a DRC of 0.88 while step 5 (formation of COyx) has
a DRC of 0.12. The other 5 steps have little influence on the net rate of the whole reaction
system. This result is consistent to the calculation of the original paper?® and illustrates the
reliability of the AD to evaluation the DRC of a moderately complicated reaction system.

Table 4: Redox mechanism for water-gas shift (case IT).2
Step id Elementary Step Keqi k;

1 CO+x*x<« COx* 2.15 x 102 1.33 x 108
2 H0 + x < HyOx 5.93 x 107° 2.01 x 10"
3 HyOx+%<+ Hx+OHx 6.28 x 1072 2.64 x 10°
4 OH * +x < Hx+0x 1.18 x 107° 5.24 x 10!
5 COx4+0% < COy%+% 1.03 x 103 2.05 x 10°
6 CO9x < COy + % 1.92 x 10° 1.48 x 10'2
7 2Hx* < Hy + 2% 4.50 x 10* 5.32 x 10?

3.3 Case III: Propylene Partial Oxidation

Our third case is the propylene partial oxidation?!, which could be an environmentally
friendly route to produce propylene oxide. Its 17 elementary steps and corresponding kinetic
constants are shown in Table 5. The partial pressures for the gas-phase species Pc,pm, and
Po, are 0.1 bar and 0.05 bar respectively. The reaction simulation temperature is 500 K.

The net rate of interest is the desorption of propylene oxide, which is the sum of the step 13

and 14 (Eq 17):

P, P,
rpo = k130po,« — k—13%09v* + k140p0, — k—14%00v* (17)

13
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Figure 3: Degree of rate control for the water-gas shift reaction (case II).%
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The DRC results for this case are shown in Figure 4, where the adsorption of propylene
as the III type and the desorption of POsx have the major positive contribution to the
generation of PO(g). These positive DRCs are reasonable since the adsorption of propylene
provides the material to produce PO(g) and the desorption of PO,% directly generates
PO(g). On the other side, the desorption of Os% hinders the production of PO(g) since

this step results in more v* produced and more Ox and O1* consumed, which benefits the

negative direction of step 13 and 14.

Table 5: Elementary steps for the propylene partial oxidation (case III)?!. E, and E;" are the
activation energies for the forward and reverse directions. A and A™" are the pre-expotential
factor of the forward and reverse reactions. v represents the oxygen vacancy.

Step id  Elementary Step E.(eV) A E;"(eV) A7
1 CyHg(g) + * < CoHg(1)* 0.00 187 x10° 0.42 1.00 x 107
2 CyHg(g) + % < CaHe(IT)% 0.00  1.87x10% 0.57 1.00 x 1013
3 CyHg(g) + * > CyHg(ITT)% 0.00  1.87x 108 0.58 1.00 x 1013
4 C3Hg(I) * +0% <> C3Hs x +OHx* 0.36 8.03 x 10*2  1.40 8.93 x 1012
5 CyHg(I) * +O0% < OMPyx 0.59 117 x 108 1.10 1.78 x 1013
6 C3Hg(I1I) + Ox > OM Pyx 031  1.28x 10" 0.95 1.92 x 1013
7 CsHs % +O0x < C3H,0 % +Hy0x 0.30 1.14 x 10" 1.19 7.14 x 102
8 (C3H;0 x+0OHx < C3H,0 * +Hy0%  0.54 1.09 x 1013 1.72 1.54 x 10*3
9 OMPy* < PO, % +% 0.62 410 x 10 0.83 1.53 x 1013
10 OM Pyx <» POq * +x 0.77 3.24 x 103 0.89 1.31 x 10*3
11 HyO% <> H20(g) + vx 0.76 1.00 x 103 0.00 2.85 x 108
12 C3H,0% +» C3H,0(g) + v 0.10  1.00 x 10" 0.00 1.62 x 10°
13 PO;x <> PO(g) + v* 0.90 1.00 x 103 0.00 1.59 x 108
14 POyx <> PO(g) + v* 0.96 1.00 x 103 0.00 1.59 x 10%
15 Oy *x +vx < O x +01x% 0.00 1.00 x 10*®  1.43 1.00 x 10*3
16 201% <> Og % +x 0.00 1.00 x 10® 1.18 1.00 x 10*3
17 Ogx 43 Oslg) + % 136 1.00 x 10 0.00 2.14 x 108

We then compare the DRC calculation results using FD and AD in this case.

The

temperature is set as 350 K in this comparison. We evaluate the transient DRC defined

by Eq 1 using the FD and the AD methods separately. The transient DRC for step 3, 4,

14, and 17 are shown in Figure 5. Different perturbation magnitudes (1074, 107, 1074)

are used in the FD method. There is an optimal choice of the perturbation size to reduce

the truncation error and the rounding error.

15
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Figure 4: Degree of rate control for the propylene partial oxidation reaction (case III).?!
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truncation error resulting from the nonlinearity of the target function, which is the transient

part from¢t = 0tot = 5. Too small of a perturbation size makes the solution affected
by the rounding error due to the limited precision for floating numbers. In this case, 107!
is the best perturbation size among these candidates, whose result is the most aligned with
the solution of the AD method. Case III illustrates that although with finite difference it is
possible to get a reliable transient DRC for a complicated system, it highly depends on the
choice of the perturbation size. This issue does not hold for the automatic differentiation

since there is no truncation error during the derivative evaluation process of the AD.

06 ! 1 1 1 T I 1 1 1 T ! 1 1 1 1 1 1 1 T 1 1 1 1 T 1 1 1 1
I ‘:/
0.4F == - |
'r‘
%2 ] =
8, :/ - AD ] g - A
- / FD(1e-4) 7 a FD(1e-4)
7 FD(le-11) FD(1e-11)
FD(le-14) FD(1e-14)
L L —0.05 ! L
0 5 10 5 0 5 10 15

Time (s)

= = =

Q m AD . Cl) e AD

~ 1 ~

A FD(le-4) A FD(le-4)
FD(le-11) | FD(le-11)
FD(le-14) FD(le-14)

0.2} ]
—t —0.6 | N T T N NN SN SN SN N S S
0 5 10 15 0 5 10 15

Time (s) Time (s)

Figure 5: Transient degree of rate control evaluated by the finite difference and automatic
differentiation for the propylene partial oxidation reactions 3, 4, 14 and 17 (case III)?%.
Different perturbation sizes are used in the FD method as indicated in the legend.
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3.4 Degree of Rate Control for Uncertain Parameters

It is common to consider an uncertain space of the kinetic parameters instead of the exact
values in the real-world catalyst applications. To illustrate the usage of the DELSA?? to
measure the importance of the parameters over a space, we hypothetically add an uncer-
tainty range to the forward kinetic constant of each elementary step of the case III, which
corresponds to an uncertain range of [-0.03 eV, 0.03 eV] on the forward activation energy.
We assume the log of the kinetic parameters are uniformly distributed in the candidate
space. The samples are drawn using the quasi-random Sobol sequence®® which more evenly
samples the space than a uniform distribution would. According to the definition of the
DELSA importance measure (Eq 7), the importance of a kinetic parameter k;; to the net

rate of sample ¢ could be measured by:

2
B M
Gk o K
S, = imi 18
kij V(lnr) (18)

where s; is the variance of the uniform distribution of k;. Among the 17 parameters,
only 3 parameters are found to be important (with the average DELSA importance measure
> (.1) over the potential space. Their distributions are shown in Figure 6. It is notable that
the important steps identified by DELSA (step 3, 14 and 17) are different from the local
DRC (step 1, 4, 5, 17). This is because DELSA considers the contribution of a parameter
over the whole space instead of a local point. An important parameter at local scope (e.g.,
step 1) could have small contribution from a global perspective. A trivial parameter locally
(e.g., step 14) is possible to be a significant step globally. In addition, DELSA provides
the distribution of the importance across the parameter space. For example, the histogram
of step 14 has two peaks near 0 and 1, which means that for about half of the samples,
step 14 has no effect on the net rate (with 0 importance measure), but for the other half of
the samples, step 14 is the most important parameter (with 1 importance measure). High

quality distributions rely on more samples in the potential space, which could be expensive
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for finite differences and difficult to ensure the results are accurate. Using the automatic
differentiation, DELSA could be performed with higher accuracy and lower computational

cost.

oNOYTULT D WN =

DELSA-k3 DELSA-k14 DELSA-k17

Frequency
Frequency
Frequency

Mean: 0.141 Mean: 0.319

Mean: 0.513

0
1 9 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
20 DELSA Importance Measure DELSA Importance Measure DELSA Importance Measure

Figure 6: DELSA results for 3 important steps (3, 14 and 17) in the propylene oxidation
reaction®!.

29 4 Conclusion

32 The degree of rate control is a versatile concept in heterogeneous catalysis. We discussed the
34 application of automatic differentiation (AD) in the evaluation of the derivatives needed to
36 evaluate the DRC. We also compared the AD method to the commonly used finite difference
38 (FD) method. Compared to FD, AD provides a faster and more accurate solution. There is
40 no need to choose the optimal perturbation size in AD which is a critical step in FD to obtain
42 a reliable result. In three cases with various complexity, we demonstrated the correctness of
44 the AD method. In addition, we illustrated that AD could be used to perform the DELSA
46 method, which is a hybrid local-global sensitivity analysis method to measure the importance
48 of parameters over an uncertain space. With AD, DELSA could be conducted accurately

50 and efficiently.
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