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Abstract— Cellular Systems are defined by cells that have an is presented during all iterations through and A° is not used
internal state and local interactions between cells that govern sincey?j = 0 by initialization. Elements outside the boundary
the dynamics of the system. We propose to use a special kindyyg treated as zero. The input pattern is presented to DT-CNN

of Cellular Neural Networks (CNNs) which operates in finite duri iteration b fthe B t lat
iteration discrete-time mode and mimics the processing of visual 9UMNNG every iteration by means ot the b template.

perception in biological systems for digit recognition. We propose . . .
also a solution to another type of pattern recognition problem A. Deriving the decision variable

using a non-standard cellular neural networks called Molecular (DT-)CNN is a spatio-temporal processing engine. We need
Graph Networks (MGNs) which offer direct mapping from 5 convert the spatial output; into scalar output value:

compound to property of interest such as Physico-Chemical, _ . L . . .
Toxicity, logP, Inhibitory Activity MGNs translate molecular suitable as decision variable. Simple averaging of all 286 c

topology to network topology. We show how to design/train by States?JiTj

backpropagation CNNs and MGNs in their discrete-time and o L Z T
finite-iteration versions to perform classification on real-world T 956 & Yij
data sets. *

l. INTRODUCTION Resultingz is position independent

The discrete time version (DT-CNN) of the CNN principle [1l. M OLECULAR GRAPH NETWORKS

has been introduced [1]. In both analog and discrete-timeyjgjecular Graph Networks [5] are discrete-time (cellular)
networks the underlying principle is that computation ii€lo gpatio-temporal dynamical systems in which in contrast to
by system dynamms, |.e..thg resporjse.of .the network to giVeRN, the network topology changes for every compound pro-
stimuli is defined by the limit behavior in time — convergencgessed. Compound can be described as graph where each atom
of all responses to some fixed point [2]. The achieved steagys node and each chemical bond is an edge - thus molecular
state is predefined by the connection templates and by Wgcture is translated into cellular network structurecte

the network input and initial conditions. Recently we havgiom becomes a cell, each bond a local interaction. Weights d
proposed a new mode of operation of DT-CNN — namely thg,t depend on the position in graph but on element and bond
finite iteration DT-CNN [3] and its stationary version [4]hE ‘types. Each atoni has an initial state? depending on its
network was used as a one-step-forward computing engiggment type:; (6 for C, 92 for U) Evolution of atoms states

Efficient procedures were proposed for template design aﬂ;‘jfor iterationst = 0,...,7 — 1 is described by equations
optimum selection of number of time steps.

t+1 t t t
Z; = Z'isconnece Q A y+c 3

[I. THE DT-CNN CLASSIFIER by T Beqmened cinbiy 23 T Te(d)
Y; = o(z;"")

To build a pattern classifier we use spatio-temporal dynam-
ical system with cells on an square grid - the size of DT-CNN
receptive field is fixed here to 16 by 16 cells. State evoluti

of DT-CNN cellsy}; for iterationst = 0,...,7 — 1

%A Molecular Graph Networks - Computation
To calculate output for one compound different weights

LT = = ko (AL gyt tables A' and offsetsc! have to be computed for each iter-
ij Im=—X-1 ILmJi+l,j+m . . . .
’ 2 ¢ + ation. b;; is the bond table storing bond type (single, double,
F Bttt jtm) +b tic) bet tornand atomyj in this molecule. Stat
S = o () aromatic) between atorhand atomj in this molecule. State
) )

information of each atom spreads through the network along
In our finite-iteration DT-CNN we use different templatehe bonds. AftefT" iterations information about each atom is
weightsA?, Bt and offset®’ for each iteration. The number of propagated alond’ edges. Detection of functional groups is
template layers (CNN iterations) is limited Ta Input pattern possible without explicitly defining the groups. To convie



A. The ZIP Code Data Set

The ZIP Code Data Set consists of normalized handwritten
digits, automatically scanned from envelopes by the U.S.
Postal Service. The images, originally binary and of défer
sizes and orientations, have been deslanted and normatized
size, resulting in 16 by 16 gray-scale images (see [6]). Some
examples of these images are shown in Figure 2. The entire
data set consists of 7291 training observations and 20@7 tes
observations. The 2007 samples of the ZIP Code test set are
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Fig. 1. Typical molecular structure mapped onto MolecularpBriletwork @ u E L ? [?f ? H
(Pgi]

t tatesZ int | tout val decisi iabl Fig. 2. Examples of input patterns from the ZIP code datassthBmage is
atom stateg; into scalar output value (e.g. decision variable ;74 16 grayscale representaion of a handwritten digit, the oaigiabels

for classification) averaging of atom statgé weighted by are shown on top of each.
element type is performed
1 neither used for training nor to derive stopping criteria no
> gt fi del selection in classifi i
Ge, Vi or model selection in classifier ensembling. The patteres a
i presented during the training as pairs together with theetes

Result z is independent of atom positions, orientation ofutPut (the class label out of 0,1,...,9).
molecule etc. No successful methods for training these ngf- Classification with non-stationary templates
works were proposed so far. Several feature nets can be ) , B .

combined to one large network. Output of each feature net"irst we investigate the DT-CNN classifier with non-
2, is fed into conventional fully connected neural networRtationary templates. In the following simulations we cs®o
(supervisor network). The training problem becomes vefy €mplate size of = 5. With a standard nearest-neighbor

expensive for large networks with many weights (60000) coupling K = 3 we could not_ achiev_e adequate classification
performance. For template siZzé = 7 in term we observed a

IV. TRAINING AS OPTIMIZATION PROBLEM gap emerging between training and test errors. We interpret

this as an overfitting effect, for the number of template

Both for CNN and MGN we are cellular systems with many oisnts has the same magnitude as the number of training
parameters (weights. These parameters govern dynamlcalé%ﬁnmes_ One can observe that withranging from 1 to

havior of these systems. We want system outpuib match 10 layers, the classification rate increases significafity.

observed output§’; (training data). Supervised learning task e "template layers the rate saturates around 96.5%. The
can be treated as optimization problem. stochastic gradient decend went in the non-stationary maee

Sample-wise loss functiod(Y;, z;) that is added to total 54 gpochs, which was suffient to achieve good classification
lossL = 3; L(Yj, z;). Numerical optimization algorithm that e its. For comparison, we constructed a polynomial SVM
is able to cope with many parameters is needed. classifier of degree 4 with' = 100 (see [8]) on the ZIP Code

e-insensitive absolute loss is combination of absolute '0ﬁ%ining set and applied it to the test set. The classifipatio
(L1 norm) with e-insensitivity. Very high setting ofe iS 5165 are shown in figure 3. In figure 4 we show an example
used for binary classification. Smalledegrades classification ¢ the internal states of the DT-CNN classifier trained to
performance. Patterns are classified correctly as soorgas %cognize the digi8. The upper row shows examples of input
of decision variable is correct. Training patterns that'tche patterns. The rows below show successive iterations- up.to 1
correctly classified have only linear contribution to thedo Eventually the classifier averages over the 256 entriesasieth
16 x 16 pictures.

Z =
#atoms

V. RECOGNITION OF HANDWRITTEN DIGITS

As an example for a multi-class classification problem wh- Classification performance
consider recognition of isolated handwritten digits. Tlisa To summarize the performance of the DT-CNN digit recog-
benchmark problem in the neural network and machine leamition system we can confirm that the optimal template size
ing community [6], [7]. DT-CNNSs featuring non-stationangch K should be fixed to 5. Standard nearest-neighbor coupling
stationary templates are investigated. The results arpamd K = 3 was too small whileK = 7 provokes overfitting. For
with a polynomial support vector classifier [8]. T = 10 we have total of 4850 free parameters to compute.
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= 1 When using classification loss, we assigned a training output
] of zero to all compounds of class CI, 0.8 to all compounds
of class CM and 1.0 to all compounds of class CA. A
value of 0.8 instead of 0.5 was chosen for the confirmed
moderately active compounds to indicate the algorithm that
] these compounds should be considered rather being active th
— swm | being inactive. Using classification loss simplifies thenirsy
— Non-stat. DT-CNN . ipe .
—— Trunc. prec. Non-stat. DT-CNN || since only one ensemble of classifiers has to be trained on all

Stat. DT-CNN .. .

s : - = - » compounds of the training data set. However, converting the
Number of template layers T continuous output of the classifier ensemble back into class
labels necessitates the choice of two thresheidand  in
order to discriminate between the three classes. We byghasse
this problem by either considering classes ClI and CM as
inactive and class CA as active or considering only class ClI
as inactive and classes CM and CA as active, thus converting
the problem to a binary classification problem.

The data set has been randomly partitioned into a training
set of 35000 compounds and test set of 7682 compounds. We
constructed an ensemble of 15 MGNs. Each MGN consisted of
19 individual feature nets with iteration depths rangingir3
to 10 and a supervisor network with 24 hidden layer neurons.
The MGNs were trained by stochastic gradient descent with
a fixed number ofl0® gradient calculations. The global step
size n was decreased by a factor @8 every 70000 gradient
updates. Each MGN was trained on a random 80 % of the
35000 training samples. Thus the OOT output for every sample
Eﬂ of the training set was computed by averaging over three

models, the output for the held-out test set by averaging ove
all 15 models of the ensemble of MGNs.
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Fig. 3. ForT from 1 to 5 layers classification rate increases signifigant!
At higher T classification rate saturates around 96.5%.
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Fig. 4.  Variation the internal states of a DT-CNN classifiesirted to
recognize the digit3. The last column shows the final output after tenA Results and Discussion
iterations. ’

Results for the classification experiments on NCI data set
with classification loss function are given in Figures 5 and
Polynomial SVM classifier of degree 4 ard = 100 yields 6. Both Figures display two pairs of ROC curves. The lower
classification rate of 95.4%. We obtained better perforreaic pair of ROC curves in Figure 5 was obtained by using the
the classifier however igher computational effort was reflii ensemble of classifiers to discriminate between ClI on the
for training ensembles of DT-CNNs than constructing SVMne hand and CA and CM on the other, while the upper
classifier. pair details the ROC curves when using the same ensemble
of classifiers to discriminate between ClI and CM on the
VI. NCIAIDS ANTIVIRAL SCREENDATA SET one hand and the confirmed actives CA on the other. The
We considered a data set of more than 42000 comemarkable coincidence of the curves obtained by validatio
pounds from the DTP AIDS antiviral screen data set of then the training part and from the held-out test part of moasth
NCI Open Databasehttp://cactus. nci.ni h.gov/ 7000 compounds indicates that the validation was performed
nci db2/ downl oad. ht M . The antiviral screen utilized a properly and does not exhibit overfitting. Figure 6 detdile t
soluble formazan assay to measure the ability of compourl@®C curves for false positives rates up to 5 %.
to protect human CEM cells [9] from HIV-1-induced cell AUC values of the approach employing classification loss
death. The activities of the compounds tested in the assayd of the one-versus-all approach are similar to the best
fall into three classes: confirmed active (CA) for compoundsgsults of several variants of a recent classification netho
that provided 100 % protection, moderately active (CM) fdsased on finding frequent subgraphs[10]. (experiments td2 an
compounds that provided more than 50 % protection, amtB when omitting class CM from the test set for the ensemble
confirmed inactive (CIl) for the remaining compounds. Theonstructed to discriminate CA versus the two other clgsses
data set consisted of 42682 2D structures with AIDS test datélton et al.[11] compare several ranking methods for \ttu
as of October 1999 and was provided in SDF format. 41138reening on an older version of the NCI data set. The best
compounds were confirmed inactive, 1080 compounds wererforming method there, binary kernel discriminationalide
confirmed moderately active and only 423 compounds wet@ locate 12 % of all actives (CM and CA pooled) in the
confirmed active. first 1 % and 35 % of all actives in the first 5 % of the



N

ROC ROC
T T

°
o
. . .
o o o
~ [+ ©
. 1 .

o
)
T
I

o
«

Frac. true positives
o
o
T

Frac. true positives

1
IS
1
IS
T

o
w
I
o
w
T

o
N
I
o
N
T

—— OOT Train Classes CM and CA —— OOT Train Classes CM and CA

—— Test Classes CM and CA —— Test Classes CM and CA
o1l —— OOT Train Class CA only 1 o1l —— OOT Train Class CA only 1
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Fig. 5. ROC curves for the classifiers constructed on the NIDISPntiviral ~ Fig. 6. Zoom of the ROC curves given in Figure 5 for false pes# rates
Screen Data Set witkrinsensitive absolute loss. The Figure displays two pairsp to 5 %. Larger false positive rates usually involve sciregiof too many
of ROC curves. In this computational experiment we trainedrasemble of compounds of a large database and are therefore of lessegsinte drug
molecular graph networks on a data set consisting of threseteof molecules discovery or lead optimization. At a false positive rate of Séth validation
(ClI, CM and CM). To be able to generate ROC curves, we had toceethe and test true positive rate for detecting class CA reach 80A%@a false
number of classes to two by pooling the molecules of two claisses single positive rate of 1 % both rates exceed 40 % which would resuthdre than
class. The lower pair of ROC curves was obtained by using tiserable of 40% of all actives found when screening up to this threshold.
classifiers to discriminate between Cl as one class and CA &hdsCsecond

class, while the upper pair details the ROC curves when uliegsame

ensemble of classifiers to discriminate between Cl and CM a<laiss and . .. . . .
the confirmed actives CA as the second. The AUCs of the respaudirs of VON Wirkungszusammedtigen bei der Medikamentenentwick-

curves are).82 resp.0.81 for classification of Cl versus CA and CM and lung) and by the Research Training NetwdZlOSYC of SENS
0.94 resp.0.94 for classification of Cl and CM versus CA. No. HPRN-CT-2000-00158 within the 5th Framework Pro-
gram of the EU. We thank the people of the AGH University

of Science and Technology and the Jagiellonian University i

ranked NCI Qata set. Results of the one.—against—all appro,%akéw and of the Max-Planck Institute for Computer Science
tend to be slightly better than that of the first approach ciwhi iﬂ Saarbiicken for support

might be caused by the more straightforward way in whic
the multi-class problem is converted into more easily tvesol REFERENCES
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