Section 1 : Derivatives Used for the Gradient
Descent Approach

1 Overview

The objective is to model transcription rate of a target gene at a particular
promoter as controlled by an enhancer region of DNA. The model is based on
those in Reinitz et al. [2003] and Janssens et al. [2006]. The inputs to the
model are the levels of transcription factors (TFs), divided into activators and
quenchers, the DNA sequence of the enhancer region, and PWMs describing
the DNA binding of the TFs. Each factor, a contributes two free parameters to
the model: its maximum binding affinity, K,, and its activating or quenching
efficiency, C, or F,, respectively. The maximum transcription rate, Ry, and the
maximum energy barrier, G, are also free parameters. We will refer to the free
parameters of the model collectively as ©.

The input data, D, contains a set of n pairs, (V,v;), where each pair con-
tains a vector, V. = (v1, va, ..., v,) listing the concentrations of all transcription
factors, and v, the concentration of the target gene. The data contains a set
of TF sites, S* = {s; = (a,5,9)|i = 1,...,nq}. TF a has n, sites, and each one
specifies the TF, its position in the enhancer region, and its PWM score. The
input data is thus D = {(V,v;)} U S°.

The model predicts the rate of mRNA transcription at the promoter. It
is based on a function, M, that predicts the “effective” number of activator
molecules bound to the enhancer region. The rate of transcription, R, is assumed
to be controlled by the amount an energy barrier, Gy, is reduced by binding of
M activator molecules. The scale factor by which each bound molecule reduces
the barrier, G, is treated as a constant. Since mRNA degradation is assumed
to be fast relative to transcription, mRNA level is assumed to be equivalent to
mRNA rate for the purposes of model validation.

2 Objective Function

2.1 Function B

We minimize the mean squared error of the predicted transcription rate plus a
penalty function, P, designed to enforce the constraint that the bound activator
molecules should never reduce the energy barrier, Gy, below zero. The mini-
mization is with respect to O, the free parameters of the model. The objective
function computes the mean of the the squared error in the predicted transcrip-
tion rate, R, over the set of n observed points, {(V,v;)}. The objective function
is

BD,6) = ~ ¥ (l(u _R(V,S @))2> (1)
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Fixed Parameters

A
B
D = (V,Ut)
V = (v1,v2,...,0,)
5% = {Si = (a,j,s)|2'
Sa
s4=]se
a€A
St =] s
beB
S =84U88
NB = an
beB
G
fAF

Set of all activators

Set of all quenchers

set of measurements of TF levels, V|,
and target gene level, v,

one measurement of TF levels

Set of all sites for TF a, where

j is the position in the enhancer region,
s is the PWM score of the site

N is the number of sites for TF a
Maximum possible PWM score for TF a

Set of all sites for activators

Set of all sites for quenchers

Set of all sites for all TF's
Total number of quencher sites

A constant (1.0), called @ in Janssens et al. [2006]
A constant (0.99); Hill function in Reinitz et al. [2003]

Free Parameters

KA ={Kja € A}
KB = {K,|b € B}
K=KAUKB

CA ={Cula € A}
EB = {Ey|b € B}

Activator maximal binding affinities
Quencher maximal binding affinities
Set of all maximal binding affinities
Activator effectiveness parameters
Quencher effectiveness parameters

Ry = Maximal transcription rate

Gy = Maximal energy barrier to transcription
Functions

B(D,©) = Objective function to minimize.

R(V,S,0) := 'Transcription rate function.

P(V,S,0) := Penalty function.

M(V,S,0 := Number of bound activators function.

N(V,S,0) = Recruitment function.

F(a,i,vg) = Quenched occupancy function.

Q™™ (7) := Partial quenching function for position 1.

QN7 (4) := Quenching function for position i.

d(i, j) := Distance-based quenching function

fla,i,vg) = Occupancy function for TF a at position i.

K(a,1) = Affinity of TF a at the position i

T(x) := Transformation of z € © in the unconstrained space

T (%) Transformation of # € © back to the normal space

Table 1: Overview of the terminology used in the main document an

here.




2.2 Derivatives of B
B _ 1 (Vo)) (v — R(V,5,0))22%) if z = Ry, @)
o Y vy (0= R(V,5,0))288 + 88 ifz e ©N R,

3 Transcription rate, R

3.1 Function R¢

The transcription rate model is originally defined by the function R®, which is

“capped” at Ry,
Roexp(—(Go — GM(V, S,0))) if fGM < Gy
R4(V,S,0) = = Roexp(GM(V,S,0) — Gy), (3)
Ry otherwise

This is the R function used in the benchmark method, SA and GA.

Function R°

3.2
For the gradient descent method, however, we use the sigmoid function to pre-

vent R from adopting values larger than Ry, called R?,

R*(V,S,0) = Ry sigm(—(Go— GM(V,S,0))-s1+ s2)
1
= R 4
T (G CHV.5.0)) 51 —5) Y
where s; = 2.5 and sy = 2 are scaling function to resemble R® as closely as
possible (see Fig.1).
5 ;
5 F:
P max(g)
S - - nomax(g)
ST g - softmax(g)
© T T T
2 0 2 4

Figure 1: Comparison between original R and transformed R

The function M, which is described in the Section 4, does not depend G or

Ry.



3.3 Derivatives of R*

We need the derivatives of R° with respect to each of the free parameters,
KUCAUEB, Gy and Ry. The function M does not depend on the last two
parameters, so there are three cases:

(=960 . 51 Ry - sigm((GM(V,S,0) —Gy) - 51+ s2)-

Oz
(1 — sigm((GM(V,S5,0) — Go) - s1 + s2)) if x = Gy,
OR®
prali % sigm(—(Go — GM(V,5,0) - s1 + s2) if x = Ro,

Ry - sigm((GM(V,S,0) — Go) - 81 + s2)-

4 Effective number of bound activators, M

4.1 Function M

The function M describes the predicted, effective number of bound activators.
It is defined in terms of the constant, f4¥ and function, N (Section 5), the
number of sites that are available to recruit adapters.

M(X,8,0) = fAFN(X,S, 0). (6)

4.2 Derivatives of M

Like M, the function N does not depend on free parameters Ry or Gy. So the
non-zero partial derivatives are
oM FAF ON

- - A B
5 ax,for:rEKUC' UE”. (7)

5 Recruitment function, N

5.0.1 Function N

The amount of activators recruited by activator sites is modeled by function
N. For each activator, a € A, it sums the occupancy of all activator sites,
after correcting for quenching, F4(a,i,v,) (Section 6), and weights them by a’s
effectiveness parameter, C,. The recruitment function is

N(V.5,0) = > CuF(a,i,va), (8)

sESA

where, in each term in the sum, a and i are determined from the site current
site, s = (a,1).

(5)

1 — sigm((GM(V,5,0) —Go))-s1+s2)-51G-22  ifze KUCAUEDB.
ox



5.1 Derivatives of N

There are two non-zero cases,

L
ON ;F(a,i,va), if x = C,, o
o )R REACLLI ey Spor)
ox
s€SA

where, in the second case, the current site, s = (a, 1), determines the values of
a and 7 for the current term of the sum.

6 Quenched occupancy function, F'

6.0.1 Function F

The fractional occupancy of activator a at site i after quenching is modeled as
the product of the unquenched occupancy function, f (Section 9), multiplied by
the quenching function, @ (Section 7). The quenched occupancy function is

Fla,i,va) = f(ai,v0)QEN ). (10)

6.0.2 Derivatives of I

The quenched occupancy depends only on the the free parameters K,, K? and
EB. The function f(a,i,v,), assuming no competition for binding sites, depends
only on the free parameter K,. The function QN B)(i) depends only on the
sets of free parameters E® and K, the effectiveness and maximal binding
affinity parameters for the quenchers. So the non-zero partial derivatives of the
quenched occupancy function, F', with respect to the free parameters of the
model are are

8f(a7i7va) (l.NB) . . -
OF(a,4,va) ok, @), ifr=K,

5 11)
(LN)(; (
O f(a,i,va)aQT(l), if e € KBUEDP.

x

7 Quenching function, ()

7.0.3 Function Q

The quencher sites, S?, are arbitrarily ordered from one to NZ. The effect of
quenching sites depends on their occupancy, f (Section 9), scaled by a distance-
based quenching function, d(i,j) (Section 8, that depends on the distance be-
tween the position of the activator site, i, and the position of the quencher site,
k. This, in turn, is scaled by the effectiveness factor, Ep. (The position and TF
for site s; are determined from the site itself, since s; = (b, k).)



We define the complete quenching function using the partial quenching func-
tion, which captures the effects of quencher sites s,, through s,, on any activator
site at position 4, and is given by

QUm) = ][t~ (G K)ES b,k vw))], (12)

j=m

where k and b are determined for each j in the product from the values in
site s; = (b, k). The complete quenching function considers the effects of all
quencher sites, and is given by Q(l’NB)(i).

Note that the (partial) quenching function is independent of the activator
being quenched. It depends only on the position, 4, in the DNA enhancer
sequence. So it only needs to be computed once.

7.0.4 Derivatives of

The quenching function is the product of a series of partial quenching functions,
each of which depends on one, particular quenching site, s; = (b,k). In cases
where the current quencher site s; is not overlapping with any other sites, each
of these partial functions depends only on the two free parameters Ej, and Kj,
the effectiveness and binding affinity of the quencher b. The complete quenching
function depends on the sets of free parameters EZ and K 5.

Using the chain rule, we can write the derivatives for the partial quenching
functions, Q™™ (i) with respect to free variable x using the recursions

9QUM(i) - IQU™G) mrmy gy 4 e ;
or n or Qi +Q v

3Q(m+1’n)(i)
ox

for x € EBUK?® and 1 < m < n < NB. The above equation covers the case
when m < n. The base case of the recursion is when m = n. In that case, then
QU™ (i) = 1 — (d(i,k)Eyf(b, k,vp)), where the quencher site is s, = (b, k).
So, the derivatives of Q when m = n are

OB, .
—d(i, k)——f(b,k fo=F
0Q™™ (i) & )axajf((bvk%)a if 7 = Ep,
B B ROV AU ST (14)
0, otherwise.

forx € EBUKB and 1 <m < NB.

Since we are only interested in computing the derivatives of the complete

. . (1,NB) . . .

quenching function, @ (i), we only need compute the partial functions
Q™) (4) for the cases where n = NB or m = n.

In cases where the current quencher site s; is overlapping with other sites of
activators or quenchers the f2(a,i,v,) function has to be used. This, however,
does not only affect 6‘9—}% and 29 of current quecher but effect the derivatives

oF
for all other K, overlapping with the current quencher site.




—d(i, k)%ﬁ(b, ko), ifz = B,

9QUmm() y
oz = —d(i,k)EbW, if = K,

i
f2(b, k,vp), otherwise.

(15)

forx € EBUKB and 1 <m < NB.

8 Distance-based Quenching Function, d(i, j)

8.0.5 Function d(3, )

The distance-based quenching function, d(¢,j), captures the notion that the
action of quenchers is local. It can be any function that takes two positive
integers and returns a value between 0 and 1. We use the function in Janssens
et al. [2006]. Tt is a symmetrical, trapezoidal impulse function centered around
distance 0. It is defined as

1, if i — 4] < 100,
di,j) = 4 0, o iffi—j] > 150, (16)
1- %, otherwise.
8.0.6 Derivatives of d(i, j)

Not required, since d(i, j) does not depend on the free parameters of the model.

9 Occupancy function, f(a,,v,)

9.0.7 Function f(a,i,v,)

If there is no competition for binding sites, the occupancy of site s = (a,) is
defined to be

f(aviava) = %7 (17)

where v, is the concentration of TF a, and K (a,i) (Section 11) is the binding
affinity of TF a at position 7 in the enhancer sequence.
9.0.8 Derivatives of f(a,i,v,)

The function depends only on free parameter K, via the binding affinity function
K (a,i). Therefore, the only non-zero derivative is

df(a,i,va) Va 9K (a, i)
oK, (1 +K(a,i)v.)? 0K,

(18)



10 Occupancy function considering overlapping
sites, f2(a,1,v,)

10.0.9 Function f2(a,i,v,)

If there is competition for binding sites, the occupancy of site s = (a, i) is defined
to be
K(a,i)v,

1+ K(a,i)vg + (19)

f2(a,i,vq)

J€O0K (a,i) K (b, j)vs 7

where again v, is the concentration of TF a, and K(a,4) (Section 11) is the
binding affinity of TF a at position i in the enhancer sequence. O/, ) are all
sites overlapping with K(a, ), where b can be any TF including a.

10.0.10 Derivatives of f2(a,i,v,)

The derivative for K, for the active site 7 is

0K (a,i) 1 - (b i
0f2(a,i,vq) 9K, va< +Zﬂ€0§f<a,i) (b, J)vp )
aKa (1 + K(a, i)l}a —+ ZJEOK(W-) K(b,j)l}b)Q ’

where Ol;f(‘;_i) are all sites overlapping with K(a,4) whose TF is different from
a.
However, there is a small fraction of the derivative for the K, s of all other

TF's overlapping with K (a, %), which needs to be calculated for every f2.

] aK(b7j)
of2aive) R djeonzy Ty (21)
0K, (1+ K(a,i)v, + ZjIOK(a,i)K(b,j)Ub)Q

11 Binding affinity function, K (a,1)
11.0.11 Function

The binding affinity of TF a to a site in the enhancer region is assumed to be
proportional to the exponent of the difference score of the site and the maximum
possible score, S,. So the binding affinity function is

K(s,a) = Kyexp(S(a,i) — S,). (22)

The score, S(a,i), is the PWM score of the site of TF a at position ¢ in the
enhancer sequence, and is part of the input data.

11.1 Derivatives of K(a,1)

The only non-zero derivative is with respect to K,
0K (a,1)

oK. = exp(S(a,i) — Sy). (23)



12 Transformation to the unconstrained opti-
mization space, T'

12.1 Function T

The Reinitz model only tolerates certain parameter ranges of ©. Constrained

optimization using gradient descent is not very elegant. We therefore transform

every free parameter in © into a space, where the optimization is unconstrained,
using T'(x) :

T(z) = —log(t—-1)-7 2z€0 (24)

= (25)

where b is a problem-dependent scaling value, which is set to 0.01, and r is a

scaling value set as the upper limit of the value range of . The transformation
to & enables to optimize unconstrained.

13 Transformation to the normal space, T’

13.1 Function 7"

To retrieve the real values for every z in © we use T'(%) :

T'() T €0 (26)

= =, (27)
where b is a problem-dependent scaling value, which is set to 0.01, and r is a
scaling value set as the upper limit of the value range of z. The transformation

to Z enables to optimize unconstrained. No derivative is needed because this
function is only called at the end of the optimization.

13.2 Derivatives of 7"

In order to update the parameters we need to calculate the derivative of T"(%)
for parameter Z is

oT

o5 = siem(@b) - (1 — sigm(ib)) - rb)i € o, (28)
sigm(z) = 714_6;]?(_96), (29)

with, again, b is a problem-dependent scaling value, which is set to 0.01, and
r is a scaling value set as the upper limit of the value range of z.



Section 2 : Performance of Gradient Descent Vari-
ants

GD_softmax
-+-  GD_rProp_softmax
——  GD_rPropLimited_softmax
-©- GD_nomax
GD_rProp_nomax
-®-  GD_max
—k— GD_rProp_max

CcC
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|
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Figure 1: Comparison of the different GD optimization methods The
figure shows the correlation coefficient (CC) achieved on the test set of each cross
validation fold by the different GD variants in comparison with the SA_geom
optimization method.



Section 3 : RMS Error and Parameter Distances
for Different Levels of Perturbation



Convergence of a paraneter set where each paraneter is perturbed

by * 1% * individually.

Gradi ent descent is executed with all paraneters * held * at their

opti mal val ue except the perturbed one.

Gradi ent descent was ran in * normal * node to take the val ue of

the gradient.
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Convergence of a paraneter set where each paraneter is perturbed

by * 10% * individually.

Gradi ent descent is executed with all paraneters * held * at their

opti mal val ue except the perturbed one.

Gradi ent descent was ran in * normal * node to take the val ue of

the gradient.



RMS error

Parameter Distance

Norm of gradient

0.04 0.06 0.08

0.00 0.02

Negative Perturbation

100

200

100

200

10 20 50
iterations
T T T
10 20 50
iterations
T T T
10 20 50
iterations

100

200

ParameterO

Positive Perturbation

RMS error
2
|

0.08
|

Parameter Distance
0.04 0.06

0.00 0.02

Norm of gradient

10 20 50 100 200
iterations
T T T T T
10 20 50 100 200
iterations
T T T T T
10 20 50 100 200

iterations




RMS error

Parameter Distance

Norm of gradient

30

15

10

0.010 0.020

0.000

60 80

40

20

Negative Perturbation

T T T
10 20 50
iterations
T T T
10 20 50
iterations
T T T
10 20 50
iterations

Parameterl

RMS error

Parameter Distance

Norm of gradient

15

10

0.010 0.020

0.000

15 20

10

Positive Perturbation

...""‘o-o-uuu———-

T T T T
5 10 20 50

iterations

o,

T T T T
5 10 20 50

iterations
T T T T
5 10 20 50

iterations




RMS error

Parameter Distance

Norm of gradient

0.02 0.04 0.06

0.00

0.01 0.02 0.03 0.04

0.00

0.02 0.04 0.06 0.08

0.00

Negative Perturbation

200

200

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations

200

Parameter10

Positive Perturbation

0.06
|

RMS error
0.04
|

0.02
|

0.00
|

200

Parameter Distance
0.02 0.03 0.04
| | |

0.01
|

0.00
|

200

0.04 0.06 0.08
| | |

Norm of gradient

0.02
|

0.00
|

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100

iterations

200




RMS error

Parameter Distance

Norm of gradient

0.02 0.04 0.06

0.00

0.010 0.020 0.030

0.000

0.02 0.04 0.06 0.08

0.00

Negative Perturbation

200

200

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations

200

Parameterll

Positive Perturbation

0.06
|

0.04
|

RMS error

0.02
|

0.00
|

200

0.030
|

0.020
|

Parameter Distance

0.010
|

0.000
|

200

Norm of gradient
0.04 0.06 0.08
1 1

0.02
|

0.00
|

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100

iterations

200




RMS error

Parameter Distance

Norm of gradient

00 05 1.0 15 2.0 25 3.0

0.010 0.020 0.030

0.000

Negative Perturbation

® © o o 0 e e 0ceccssnce
LA LT LT TN
000

10 20

iterations

100

e o o o o 0o MRS S AL XL LYY P rrens
LT

10 20

iterations

100

® o o o o e 00 00cccssee
LT TTYYOS
00000,

10 20

iterations

50

100

Parameterl2

Positive Perturbation

o
& N 0 . e o o o o 00 O.o..olo....l.....o..-...
n
9
o
- N
o
T W
n < ] <
2 1Y
X o _| y
S S
n
9
o
o | T I I I
1 10 20 50 100
iterations
o
8 _ *eececcnnane,,
o
" _
§ S8 _
oz 2
[a) o
6 —
5 kY
E 9 3
g 9 3
g o
o
o
S -
S T ' ' I !
1 10 20 50 100
iterations
< -
1=
(]
g ™
o
()]
5 o 4
£ KX
£ S
5 5
- -
o -
T ' ' I !
1 10 20 50 100

iterations




RMS error

Parameter Distance

Norm of gradient

15 2.0

1.0

0.5

0.0

0.02 0.04 0.06
| | |

0.00
|

Negative Perturbation

10 20

iterations

50

100

200

10 20

iterations

50

100

200

10 20

iterations

50

100

200

Parameterl3

Positive Perturbation

iterations

n
—
S o
5 —
(<) %
= 3
o :
0 3
© 3
o e
e T T T T T T T T
1 2 5 10 20 50 100 200
iterations
©
=) . . . . e o o o o o o e cvesccccsccces
S
; _
5 S 4
a2 o
a)
5 _ %
5 3
§ & 4
g ° 1
O k
O_ —
© T T T T T T T T
1 2 5 10 20 50 100 200
iterations
S _
™ . . . . . . e o o o o e e ecccsscccccee
[Te)
0
T o
Q a7
he]
IS
&> v |
- %
o 3
E o 3
o — s
z 3
n
9
o
e T T T T T T T T
1 2 5 10 20 50 100 200




RMS error

Parameter Distance

Norm of gradient

04 05

0.3

0.2

0.0

0.02 0.04

0.00

0.2 0.3 0.4

0.1

0.0

Negative Perturbation

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations

200

Parameterl4

Positive Perturbation

RMS error
02 03 04
|

0.1

0.0

ceveeeee®®®

iterations

50

100

200

0.04
|

Parameter Distance
0.02
|

0.00
|

e00000®®

iterations

50

100

200

Norm of gradient
0.2 0.3
1 1

0.1

0.0
|

“..ooﬂ

iterations

50

100

200




RMS error

Parameter Distance

Norm of gradient

0.10 0.20

0.00

0.02 0.04 0.06 0.08

0.00

0.10 0.20 0.30
| | |

0.00
|

Negative Perturbation

iterations

200

iterations

200

iterations

200

RMS error

Parameter Distance

Norm of gradient

0.00 0.05 0.10 0.15 0.20 0.25

0.02 0.04 0.06 0.08

0.00
|

0.10 0.20 0.30
| | |

0.00
|

Parameterl5

Positive Perturbation

—

iterations

—

iterations

—

iterations




Parameter Distance

Norm of gradient

RMS error

2.0 3.0

1.0

0.0

0.004 0.008
|

0.000
|

Negative Perturbation

o0°

10 20 50

iterations

-

100

0.012
|

T T T
10 20 50
iterations

-

100

® ©® o o o0 eeccsscsnee
LA LTTTYINY
000,

10 20 50

iterations

-

100

Parameter2

RMS error

Parameter Distance

Norm of gradient
4

0.008 0.012

0.004

0.000

Positive Perturbation

50

iterations

100

-

50

iterations

100

50

iterations

100




RMS error

Parameter Distance

Norm of gradient

05 10 15 20 25

0.0

0.010 0.020 0.030

0.000

Negative Perturbation

10 20

iterations

100

200

oo™
o

10 20

iterations

100

200

10 20

iterations

50

100

200

Parameter3

Positive Perturbation

15 20

RMS error
1.0

10 20

iterations

100

200

0.020 0.030
| |

Parameter Distance
0.010
|

0.000
|

10 20

iterations

100

200

Norm of gradient

10 20

iterations

100

200



RMS error

Parameter Distance

Norm of gradient

0.00 0.02 0.04 0.06 0.08 0.10

12

10

Negative Perturbation

100

200

100

200

10 20 50
iterations
T T T
10 20 50
iterations
T T T
10 20 50
iterations

100

200

Parameter4

Positive Perturbation

RMS error

1.0

1.2

1.4

iterations

1.6

18

2.0

0.030
|

0.020
|

Parameter Distance

0.010
|

0.000
|

1.0

1.2

1.4

iterations

1.6

18

2.0

Norm of gradient
4

1.0

1.2

1.4

iterations

1.6

18

2.0




RMS error

Parameter Distance

Norm of gradient

0.0000 0.0010 0.0020 0.0030

10

Negative Perturbation

T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations

Parameter5

RMS error

Parameter Distance

Norm of gradient

0.0000 0.0010 0.0020 0.0030

15 20

10

Positive Perturbation

10

iterations

20

100

10

iterations

20

100

10

iterations

20

100




RMS error

Parameter Distance

Norm of gradient

0.010 0.020 0.030

0.000

Negative Perturbation

10 20 50 100

iterations

10 20 50 100

iterations

b L St rcrcctnanna.,,,
ceonn.,
ooe,

10 20 50 100

iterations

Parameter6

RMS error

Parameter Distance

Norm of gradient

0.010 0.020 0.030

0.000

10 12

8

6

Positive Perturbation

T T T T
10 20 50 100
iterations

T T T T
10 20 50 100
iterations

10 20 50 100

iterations




RMS error

Parameter Distance

Norm of gradient

0.5 1.0 15 2.0

0.0

0.00 0.02 0.04 0.06 0.08

Negative Perturbation

200

200

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100

iterations

200

Parameter7

Positive Perturbation

N
R
S o
c o
%)
E —
(4
<
3
o
e T T T T T T
1.0 1.2 1.4 1.6 1.8 2.0
iterations
© . .
o
o
° _
<
g 34
'5 o
§ |
£
g o
T O
a
o
O_ —
© T T T T T T
1.0 1.2 1.4 1.6 1.8 2.0
iterations
[Te) ° .
©
= _
(]
2
o _
()]
G
g -
o
4
o
e T T T T T T
1.0 1.2 1.4 1.6 1.8 2.0
iterations




RMS error

Parameter Distance

Norm of gradient

05 10 15 20 25

0.0

0.00 0.02 0.04 0.06 0.08

Negative Perturbation

200

200

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T
10 20 50 100
iterations

200

Parameter8

Positive Perturbation

RMS error
1.0 15 2.0
|

0.5

0.0
|

1.0

1.2

1.4

iterations

1.6

18

2.0

0.04 0.06 0.08
| | |

Parameter Distance

0.02
|

0.00

1.0

1.2

1.4

iterations

1.6

18

2.0

Norm of gradient
0.0 05 10 15 20 25 3.0

1.0

1.2

1.4

iterations

1.6

18

2.0




RMS error

Parameter Distance

Norm of gradient

0.5 1.0 15 2.0

0.0

0.02 0.04 0.06 0.08
| | | |

0.00
|

Negative Perturbation

200

200

10 20 50 100
iterations
T T T T
10 20 50 100
iterations
T T T T

10 20 50 100

iterations

200

Parameter9

Positive Perturbation

r

200

200

o
N
0
—
.
o
£
v o
[ I
=
[
n
o
Q
o
©
C)__
o
8
(o]
c
S 27
n ©
[a)
=<
g 2
o
IS
I
S o
a S
o
o
O__
o
S _]
™
o _|
N
€
s <2 4
'ON
I
o
o v |
BH
E o |
O
pd
o _|
o
o _|
o

r

10 20 50 100
iterations
T T T
10 20 50 100
iterations
T T T T
10 20 50 100

iterations

200




Convergence of a paraneter set where each paraneter is perturbed

by * 1% * individually.

Gradi ent descent is executed with all paraneters * free* to be

changed by GD.

Gradi ent descent was ran in * normal * node to take the val ue of

the gradient.
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Convergence of a paraneter set where each paraneter is perturbed

by * 10% * individually.

Gradi ent descent is executed with all paraneters * free* to be

changed by GD.

Gradi ent descent was ran in * normal * node to take the val ue of

the gradient.
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Section 4 : Sample Prediction of Short and Long
Training Times of SA

Relative mMRNA concentration
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Figure 1: Comparison predicted transcriptional output of a short and
long trained model using SA Each panel shows the target (circle) and the
predicted transcriptional output for the seven developmental time points. The
models are trained using SA_geom given a small and large iteration budget. The
shortly trained model (triangle) achieved a CC of 0.974 after 1.5 minutes. The

longer trained model (plus) has a CC of 1.0 and used 234 minutes.




Section 5 : Parameter Limits

eve_stripe2_multitime dros_singletime
Parameter | lower bound | upper bound | lower bound | upper bound
Ry 166 255 1 5
Gy 1-10—-6 20 1-10—-6 5
K 1-10—-6 0.05 1-10—-6 1000
C 1-10—-6 10 1-10—-6 10
E 1-10—-6 0.99999 1-10—-6 1

Table 1: Parameter ranges for ©. The parameter ranges are shown for the
two datasets we use. Value ranges for eve_stripe2_multitime are obtained from
Janssens et al. [2006] and adjusted to fit the data from dros_singletime. While
SA and GA uses the lower and upper range, the unconstrained optimization
method GD uses a parameter transformation that sets the lower bound to be 0
for all parameters.



Section 6 : Performance of Simulated Annealing
Variants
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Figure 1: Comparison of the different SA optimization methods The
figure shows the correlation coefficient (CC) achieved on the test set of each
cross validation fold by the different SA variants. SA_LAM is the benchmark
model introduced by Reinitz et al. [2003], the other SA variants use the geomet-
ric cooling schedule. SA_geom_0.0 has a neighbour function, which randomly
samples new values within the range of each parameter. SA_geom_1.0 samples
values out of a ball around the current parameter, which shrinks with the tem-
perature and has a radius of 100% of the parameter range. The other variants
reduce the radius of the ball by the indicated fraction.



Section 7 : Gradient Descent convergence be-
haviour from 100 random starting points

DOW 0) | D©,0) | ||[VB(@)| | B(®') | % RMS error
improvement

1 0.07 0.14 3.8-1071 | 41.19 100
2 0.08 0.13 4.6-10713 | 41.19 100
3 0.11 0.12 3.2-107% | 41.19 100
4 0.11 0.13 2.4-10740 | 41.19 100
5 0.12 0.14 4.5-107 | 41.19 100
6 0.09 0.13 3.6-10710 | 41.19 100
7 0.11 0.12 1.2-1079 | 41.19 100
8 0.1 0.13 2.4-10712 | 41.19 100
9 0.08 0.14 2.3-10720 | 41.19 100
10 0.08 0.14 4.7-1073% | 41.19 100
11 0.1 0.12 7.8-10712 | 41.19 100
12 0.11 0.13 9.6-10712 | 41.19 100
13 0.09 0.14 3.7-10719 | 41.19 100
14 0.09 0.12 5.5-10710 | 41.19 100
15 0.12 0.14 8.0-10713 | 41.19 100
16 0.12 0.14 4.5-1071° | 41.19 100
17 0.11 0.12 3.3-107% | 41.19 100
18 0.11 0.12 6.5-1071 | 41.19 100
19 0.11 0.12 1.0-1079 | 41.19 100
20 0.11 0.13 7.6-10710 | 41.19 100
21 0.08 0.12 7.8-1071 | 41.19 100
22 0.11 0.12 1.5-10717 | 41.19 100
23 0.1 0.13 9.1-10710 | 41.19 100
24 0.09 0.13 9.7-1072% | 41.19 100
25 0.09 0.14 4.0-10717 | 41.19 99.99
26 0.09 0.12 3.3-107% | 41.19 99.99
27 0.09 0.13 3.7-1071 | 41.19 99.97
28 0.1 0.11 3.0-10710 | 41.19 99.97
29 0.09 0.13 3.7-1072* | 41.19 99.97
30 0.1 0.14 3.5-1071 | 41.19 99.95
31 0.11 0.13 5.1-1071 | 41.19 99.95
32 0.09 0.15 1.8-1079 | 41.19 99.9
33 0.1 0.11 7.0-107% | 41.19 99.9
34 0.06 0.13 6.7-10720 | 41.19 99.88
35 0.09 0.14 4.8-10718 | 41.19 99.87
36 0.1 0.13 2.4-10718 | 41.19 99.86
37 0.13 0.15 0.0022 28.52 99.84
38 0.1 0.14 1.2-1071 | 41.19 99.84
39 0.1 0.09 3.2-107% | 32.41 99.8
40 0.1 0.13 2.3-107% | 41.19 99.79




DO, 0) [ D©,0) | [VB(©)| | B(®) | % RMS error
improvement

41 0.13 0.15 9.3-10712 | 41.19 99.79
42 0.08 0.04 0.01 1.26 99.77
43 0.09 0.13 2.9-10730 | 41.19 99.73
44 0.08 0.05 0.015 1.48 99.72
45 0.08 0.13 6.3-10725 | 41.19 99.68
46 0.11 0.13 1.8-1071 | 41.19 99.67
47 0.09 0.13 2.2-1072% | 41.19 99.63
48 0.11 0.14 1.2-10717 | 41.19 99.61
49 0.11 0.16 0.007 28.55 99.59
50 0.09 0.13 6.6-1071 | 41.19 99.59
o1 0.1 0.12 1.4-10718 | 41.19 99.59
52 0.1 0.08 0.014 1.94 99.59
53 0.1 0.06 0.018 2.19 99.58
54 0.09 0.11 0.027 11.2 99.58
95 0.08 0.07 0.015 3.07 99.57
56 0.1 0.08 0.038 2.85 99.54
o7 0.1 0.12 6.3-10717 | 41.19 99.54
58 0.11 0.08 0.043 4.89 99.51
59 0.09 0.05 0.018 1.89 99.39
60 0.11 0.15 2.2 33.04 99.34
61 0.1 0.08 0.018 2.44 99.06
62 0.11 0.15 0.0065 25.64 98.97
63 0.09 0.09 0.098 8.6 98.86
64 0.09 0.1 0.037 11.04 98.82
65 0.11 0.15 0.006 25.64 98.68
66 0.05 0.04 0.0029 0.61 98.52
67 0.1 0.15 0.0086 25.64 98.22
68 0.07 0.07 0.011 1.55 97.72
69 0.1 0.08 0.014 2.32 97.16
70 0.08 0.05 0.012 1.42 96.54
71 0.07 0.05 0.013 1.53 96.26
72 0.1 0.06 0.013 1.56 96.21
73 0.11 0.08 0.062 5.27 95.93
74 0.1 0.05 0.016 1.75 95.74
75 0.1 0.08 0.036 7.86 95.7
76 0.1 0.05 0.02 2.19 94.59
77 0.11 0.07 0.016 2.28 94.47
78 0.13 0.12 0.047 12.36 94.37
79 0.11 0.08 0.02 2.52 93.89
80 0.1 0.08 0.012 2.52 93.73




DO, 0) [ DO, 0) [ [VB©)| | B(®) | % RMS error
improvement

81 0.12 0.07 0.032 2.67 93.52
82 0.12 0.08 0.024 2.68 93.4
83 0.1 0.07 0.027 2.76 93.3
84 0.13 0.1 0.028 2.86 93.05
85 0.11 0.07 0.035 2.81 92.68
86 0.1 0.07 0.036 2.99 91.84
87 0.1 0.07 0.023 3.61 91.22
88 0.11 0.09 0.083 6.11 89.99
89 0.1 0.06 0.055 4.16 89.89
90 0.13 0.1 0.018 4.21 89.76
91 0.09 0.08 0.016 3.52 89.66
92 0.08 0.05 0.021 2.84 89.65
93 0.11 0.09 0.021 4.39 89.33
94 0.11 0.1 0.028 4.42 89.21
95 0.11 0.08 0.06 4.59 88.81
96 0.12 0.09 0.023 4.36 88.67
97 0.13 0.11 0.052 5.6 86.41
98 0.11 0.09 0.047 5.61 86.39
99 0.1 0.09 0.032 7.31 82.26
100 0.11 0.1 0.041 8.04 66.21

Table 1: Individual results of the convergence experiments from 100
random O, The table shows the result of the gradient descent optimization
using the no_max model, no restarts, and a maximal iteration budget of 10000.
The second column shows the distance between randomly generated starting
point and known solution. The third column shows the distance between 6’
and the known solution. The norm of the gradient is shown in column four
and the final error as well as the percentage RMS error improvement is shown
in column five and six.



Section 8 : Performance of the genetic algorithm
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Figure 1: Effectiveness of the GA optimization method. The figure shows
the cross-validated correlation coefficient (CC) as a function of run time (log
scale) for the GA and SA_geom optimization methods.



Section 9 : Comparison real vs. synthetic data
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Figure 1: Comparison between the synthetic and the real biological
data. The RMS error is 17.86 and the CC is 0.89 between synthetic and real
data.



Section 10 : Comparison optimization methods
using RMS error metric
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Figure 1: Comparison of the different optimization methods using
RMS error metric The figure shows the RMS error B(’) between prediction
and target achieved on the test set of each cross validation fold by the different
optimization methods. Panel a shows the comparison between SA_geom and
SA_LAM. Note, SA_geom does not achieve zero error, but as demonstrated in
the supplemental figure in Section 4 there is no visible difference between the
target and the prediction made by SA_geom and hence the difference between
SA_LAM and SA_geom in the RMS error metric are not relevant in practice.
Panel b shows the performance of the GD variants and panel ¢ shows the hybrid
performance, respectively.



Section 11 : Comparison optimization methods
for genes trained simultaneously
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Figure 1: Comparison of the different optimization methods for genes
using real data and trained simultaneously The figure shows the CC
(left) and RMS error (middle) between prediction and target achieved on
the test set of each cross validation fold by the different optimization meth-
ods. The training is done on several genes simultaneously, whose expres-
sion pattern is shown on the left (along the anterioposterior axis), “D_44”,
“h_stripe34”, “Kr_CD1_run”, “pdm?2”, “run_stripe3”, “hb_anterior”, “cad-+14",
“eve_stripe_46”, “run_stripeb”, and “slp_-3”. Note, since gd_nomax is not capped
the RMS error can become very large.
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