




'I'AItl,Ë Z! l{€colatructron ol a memorrzac patrern

"protcin" K H enerSl RMS cal€gory conrme[nary

bsd 37 35 -5E3 10.66 E short "protein"
hlm 30 40 -285 L . t 4 E short "Drotein"
gdk 29 29 -3:i34 tI.67 G
lh4 m 32 -3:t34 r2.8:l G

e(nv t2 16 -6896 8.54 Y

mbc 35 :xl -7600 9.75 Y
mlf 0 0 -9785 0 R
mU 0 0 -9778 0 R
mlq -9760 2.59 R
moa 0 0 -9778 0 R
mtj 0 0 -9760 0 R
yma t4 15 - /uou 7.O4 Y
spe 0 0 -7659 0 Y SP = min. 0.9
vxd 2 3 l ô l 2.32 Y

2mAb 0 0 -9747 0 R

2msh 0 0 -9717 0 R
2spn -9766 2.59 R
mlh (, 0 -9785 0 R
bmn 37 28 -347 5.81 E short "protein"

ilk 32 32 -772 7.90 E short "protein"

First, all known data on all mentioned proteins were used in "learning" (i.e., insertion
into the Hebb memory-matrix). After lea.rning, each protein-pattern individually was
tried to be reconstructed based on the partial " recall-key" (20 % of btally 593 " neu-
rons"). Reconstruction meaûs the global graphic presentation of a decoded $dimensional
" protein" , made from a " key" of aminoacid sequences and of data on local meso-structure
such as a-helices and p-sheets.

Toôle 3 shows evaluations of responses which the neural net makes after learning of all
protein-patterns ercept the one given in the left-side box, with the "recall-key" incorpo-
lating paftiol data on this given "protein" (task 3, or I in the case of tempoml interpre-
tation of uariables). The other, unknown data on this "protein" were then interpolated
("predicted") by my HopfieldJike net. The second experiment thus studied responses in
somewhat new circumstances from those learoed. A response wa.s based on a new key
interacting with memories of other "proteins". The network automatically selected the
most relevant (similar) examples from memory to produce an optimal response-pattern.

The difference is also that in the case of reconstruction we can compaxe the net's
result with the (t€rtiary) structure that we know about, but in the case of prediction or
anticipation we cannot, since the result is "gu€6ised" by the net.

Since the correlation structure of data is very important for a network with Hebbtype
memory, let us see the rates of strzctural similority, measured with the "INSIGHT*-
progmrn in RMS, between some arbitra.ry proteins from the DSSP-base. Classes are
denotæd as R, Y and G (see Appendh B):
1. RM$difiereuceg between paire of 'learned proteine' Ê_om two difierent clæEes:
RMS (gdl-brn: G-Y) = 5.lO A /RMS (gdl-alf: G-R) = 4.9O A I RÙfS (nlf-bnn: R-Y) = 3.89 À
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l'Ajtllli ô: l\ew neaponae Daaeal on aunilâl memonea

"prot€in" K H enerRr ftM5 category conrmentary

bgd 37 35 -354 10.66 E short "protein
a€p u 4l -818 12.95 E short "protein
hlm 30 40 -60 tt.75 E short "protein
gdi m 29 -3117 r.66 G

cdj 28 29 -3067 to.72 G

sdk 29 29 -31 l6 11.67 G
sdl 31 26 -3142 ro.77 G
cdm 31 30 -3164 r0.77 G
lh4 29 32 -3118 12.83 G

2gdm 3l :ru -3154 1O.77 G into R-catesorv
zlhS :ru ïl -JIIô L2.4b G

2mgg 0 0 -9519 0 R
bvc 3 o -7526 4.57 Y
emy L2 16 -6884 8.54 Y
fcs 0 0 -9390 0 R
tiD 3E 52 -E52 L2.42 u short "protein"

hrm rf:l 4K, -6898 t 5.13 Y into R-catesorv
hsv L2 t4 - JU'Iô 7.33 Y
lhs qè !t(t -56u rSJr Y
tht 2 2 -5764 1.87 Y

mbc 35 T' -14L4 9.75 Y
mbd 39 42 -I4aXt t4.u Y
mbo 410 4l -74U 14.84 Y
mbs 37 u 4324 9.62 Y into R-cateqorv

mcy 0 0 -9428 0 R
mfrr 0 0 -9510 0 R
mlf 0 0 -9579 0 R
mI J -957r 0 R
mlk (, (, -9579 U R
mIl (, (, -9572 U K

mlm -9557 2.59 n
mln 0 0 -9579 0 R
mlq -9550 2.59 R
mlr 0 0 -9552 0 R
mls I 1 -9759 2.59 R
mlu 35 32 -9278 10.37 R sl'= max. u.Ë
m@ 0 0 -9572 0 R
mob a u -92n 10.13 R Jr = max. u.ë
moc (, (, -9523 0 R
mod 0 0 -9523 0 R
moh 4L oo -14ùl 14.86 E
mtj 0 0 -9552 0 R
mtk 0 0 -9579 0 R
mym 0 0 -9559 0 R

contimoûion of tLc TûblÊ 3 on the nd Nae



prot€in" K H energr RMS category commentary

spe 0 (, - (L4l 0 Y 5H = mrn. U.9
swn 1 2 - ( b'ztt 2.32 Y SP = 111it. g.n

tes 0 0 -92T2 0 R

vxc 2 -7526 2.32 Y lir = mln. u.9

vxe 37 4l -7343 13.61 Y
vJd 39 42 -7433 t4.u Y
vx8 39 42 ,4t té t4.u Y
vxh 39 4U ,Jôt, L3.74 Y
ytna t4 l5 -6E49 7.O4 Y
ymb +3 46 -/t rY 12.U' Y
vmb 43 39 -6E5E 13.3r Y
2hif 35 u -382 r0.96 FJ short "protein"

2mb5 40 u2 - ,JOi 15.6r Y

2mga 3:' 35 -92tIi r0.46 R SP = rnax. 0.8
2msb 0 0 -95.$ 0 R

hgc I I -9489 2.59 R

ZmAd 0 0 -9490 0 B
2mge 0 0 -9490 0 R
zngf 0 0 -9523 0 R
zmgh 0 0 -95r0 0 R
zmçi U U -9î'rJ U R
2mgk 0 (, -9579 0 R
2mel 0 0 -9579 0 It

2mgrn I I -9570 2.59 R

2mya 2 3 -75?E 232 Y SP = min. 0.3

2nyc 39 42 -7433 14.E4 Y
zspl 0 0 -9579 0 R
2spm I -c657 2.59 R
2spn t -9557 2.59 R
2spo I 2 -9559 zill B
bvd 6 7 -7/|a1 2.17 Y SP - min. 0.3
ilk 32 32 -5/U 7.W E short "protein"
lrc 0 0 - /J8f,i o Y SP - nin. 0.3

bmn 37 2E -IU4 5.Er B short "proteln"

mbw 6 E -w73 3.06 R
mls 0 0 -9577 0 n
nlh 0 0 -9577 0 IÙ
mlo I I -9555 2.59 R
mti b a -95(n z,L R
vxa I 3 I2LY o.m:l Y SP - min. 0.3

vxb 1 l 13 L26 432 Y SP - min. 0.3

vxd 2 3 :lb'Ati 2.32 Y S.P = mm. U.3

2cmm , 4 - lrz4 3.37 Y SP = mrn. 0.3

2mci 0 0 -95æ 0 R
Zmml J7 4l -6865 14.19 Y
2myb 3E 42 -7397 14.74 Y
2myd 2 -7'Xi 2.32 Y itr : mrn. u.é

2mye -7526 2.32 Y sr : mrn. u,é
4mbn 39 4{) 1J6t L3.74 Y
Smbn 2 3 -7528 2.32 Y SP = min. 0.3



2. RMS between pairs of t'learned proteins' ftom the eeme claâs:
2a. class G: RMS (edr-€dr) = 0.a3 Â
2b.c lassY:RMS(nrn-yna)=0.69Â/RMS(hrn-vxd)=0.96Â/RMS(v: td-yroa)=0.7a4
2c.c lassR:RMS(nrr- 'xgÈ;=0.39Â/RMS(Bl f - -d l )=0.10Â/RÀ,IS(nlh- ' ,hgh)=0.41 Â
Proteins in our data-base are thus quite similar: mostly inside the sarne class, but they
axe less simila,r if belonging to different cla.sses.

For our purposes, it is sufficient to note low values ofthe three measures ofrecognition-
error: K (class error), H (number of wrong coding "neurons"), RMS (coordinate distance
or discrepaûcy), and much negative values of "energ'y". (For detailed descriptions of
these " distance measures" and details on the test-simulation in the case of " proteins" see
Append,in B.) "Energy" refers to the Hopfield energy-function which ha.s a more negative
l'alue if there is less reconstruction-failure. Several protein categories were found in the
Brookhaven protein data-bank (cf., Murzin et al., 1995; Kabsch & Sander, 1983). The
net's attractors were shown to correspond to categories with codes G, Y, R. E denotes all
ectra (usually short) protein-patterns not belonging to any category / attractor.

The prototype R was almost orthogonal (i.e., not similar) to other prototypes, there-
fore reconstruction of a R-type "protein" (its 3-dimensional structure) from partial input-
data (2-dim. and 1-dim. structure, i.e. aminoacid sequences) was almost 100 % perfect
(H, K, RMS zero or very small). Almost 60 % of all the "proteins" used in the com-
putational experiment were reconstructed with such a high success - they were mainly
members of the strongest R-category.

The prototypes G and Y were similar (as mea.sured by the scalar product SP: minimum
0, manimum 1) to each-other, but not to R. Therefore, there were memory-disturbances
("interferences") between Y and G, which resulted in unclear ("mixed") responses, indi-
cated by higher value of H, K and RMS, for Y and G. Some Y-type'proteins" converged
to the R-attractor, because of having some simila"rity (denoted by "SP : minlimally] 0.3"
in Table 3) with the R-prototype which constituted "fa,r the strongest lobby". Some other
Y-type "proteins" were similar to each-other (see "SP = min[imally] 0.9"), so they con-
stituted an independent (small) Y-attractor. G-type "proteins" were, because of being
too few, always attracted into "foreign" attractors.

There were only few R-type "proteins" being less similar to the R-prototype (see "SP :
max[imally] 0.8"), so their reconstruction was not successful. These, and other "proteins"
with H- and K-errors about 30 to 40, converged to a wrong attractor, called "spurious
attractor". This was unavoidable in this case because of a.n "ambivalent" key sha,red by
more than one attractor. The results demonstrate dependence of pattern recognition on
categorization, i.e. on memory-based prototypes (attractors).

7 Conclusions: Improving Anticipation

For our systematic computational research of data,processing tasks 1-4, we used va.r-
ious large data-bases, including finally the encoded information on the structure of "pre
tæins" (up to the &dimensional arrangement of protein constituents like a-helices and
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B-sheets). Our Hopfieldlike network has stored in its Hebbian content-addressable a,sso-

ciative memory about hundred pattern-codes of protein's 1-, 2- and &'dimensiona.l struc-
ture. Then, capabilities 1, 2, 3 have been studied for individual unknown patterns (e.9.'

encoded proteins): the part of the new vector encoding the protein &dimensional struc-

ture wa.s reconstructed ("protein was recognized or classified") or predicted.

Tasks I and 2 work perfectlg if certain conditions (see section 3.2) a,re satisfied, but

task 3 is highly non-trivial (therefore, our results a,re good for correlated cases only, aad

are relevant for studying net's prediction-potentials rather than for biochemistry).
According to Dubois (2000a), an incursi've anticipatory system is the one where its

state q at time t * At depends on the state at present time t (in other cases also at past

times t - Lto, ...), but also at future time t + Lt. This is described, in general, by:
q(t + At) = flq(t),q(t * At),p1, where p is a pa,rameter (unimportant for us here).

For pattern reconstruction in a Hopfield net or a simila,r one (like ours), the final

stat€ of dynamics is: f(t + At) = Û, where u- is a selected pattern' Indeed, after eq' 3,

6 = f[q(t),û,p1, where û isf are hidden in the weights a.s in the Hebbian equation - eq. 1.

Thus, the process ofHopfield-(like) pattern reconstruction, or memory recall, respectively,
incoryomtes incursiae anticipation (cf., Dubois, 2000a; Nadin, 2000; et al. ibid.; Dubois,

2000b; Dubois & Niba.rt, 2000.)
In the case of our-net's prediction and anticipation in neur circumstances (i.e., predic-

tion of an unknoam pattern or future state) the final state (pattern u') is adaptable, i.e'

changeable according ùo influences of the stored patterns, hidden in matrix J, and the

current " key'' . It depends on flexibility of the final attractor formation whether prediction

or anticipation will be successful, i.e. correct, or not. In the case of anticipation, we can

only wait and compare later.
To improve the rate of success, some sophisticated physical implementations of the

net or their simulations could be tried. Our artiûcial neural net is roughly physically

implementable (and that's why it was chosen!) in magnetic systems like spin glasses
(Dotsenko, 1994; Fisher & Hertz, 1991) or, analogically, in quantum systems (Peru5,

1998, 2000). The quantum implementation would improve the prediction and anticipa-
tion abilities by introducing the processing of (oscillatory) phase, thus replacing the Hebb

rule by the phase'Hebb rule, i.e. Jy,i : fouf;ufe-i1sf 
-sf) (pha.sedifference in the ex-

ponent!), as in PeruÈ (2000) (cf., Ezhov & ventura, 2000). An analogical alternative,
using phase.Hebbian processing, is so-called Holographic Neural Technology, a sort of

simulated holography (Sutherland, 1990). However, success could not be great, except for

simple cases, unless some more fundamental (necessarily quantum-field-based, I think)
anticipation possibilities as debated at the CASYS conferences could be incorporated in

the net dynamics. For instance, the quantum forward and backward propagations (i.e.,

dynamics due to anti-parallel time'arrows), V and V*, suggest new, zubtle anticipation
capabilities (rfrlr. :1 .I, l'...) - see, especially, Dubois (2000a), Dubois & Nibart (2000)'
Nadin (2000) for review and further references. I will discuss them in a future work.

Appendix A: Algorithm for Prediction

Our computer prograrn incorporates the following steps (details in Peru5, 1999):
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- input of selected DSSP-ba.ses and "learning" parameters;
- for each DSSP-base of an individual protein, DSSP-data are 'transloted' into bioary
(i.e., bipolar) spin values of # (a.s a sub-.task, Cartesian coordinates of Co-atoms of residua
are transformed into so-called internal coordinates d,g,î);
- colculation of the Hebb nenxory matrix J following prescription eq. 1, i.e. Jij =

#E*afaf, based on the known exa,mples t,k:t,...,p (p:93 or 94 in our case);
- input of DSSP-base of a selected test protein and "trans-coding" of its prima,ry plus
secondary part into a simplified binary "key";
- "trans-coding" of the tertiary part of DSSP-ûle of the test protein into a set of lengths
of "cylinders" 3 and a set of angl€s g and r created by the cylinde.rs - these are the
correct coordinates for testing the prediction capabilty (details in PeruÈ, 1999);
- Monte Corlo odaptetioæ (ærtiary part of the tæst vector randomly changes so that, on
average, 'energt" decreases) ot dirc*t æcall {tertiary part obtained by multiplication of
the Hebb matrix with the "key") - the result is a completed tertiary part of the test
binary protein-pattem (tc.s* t);
- decoding of the completed tertiary pa,rt from a binary code into internal coordinates
(*glo ç'n r) or their classes, and their transformaùion into Cartesian coordinates;
- comparison of the correct and the predicted sructure spin by spin (Hanming distance)
and angle by angle; calculation of discrepancy between the correct and the predicted
coordinates for the test "protein" (measured in "distances" K on the level of classes of
internal coordinates and/or RM$errors between Cartesian coordinates); visual compari-
son of rotatable 3D graphics (RASMOL).

Appendix B: Error Measures: K, fI, R,MS

In Ta,ble 2 (for reconstruction) and Table 3 (for prediction), from left to right, the
columns incorporate values of the following quantities (described later): standard ab'
breviation of the reconstructed (Tbble 2) / predicted (Table 3) "protein"; class-error -trf,
Harrming distance .f,f, "energ'y" E, RMS-error in Â (= 10-10 m) between the conect poly-
gon of cylind,ers anil the rc,constructd (Table 2) / predicted (Table 3) polggon of cylinders;
protein class (after a rough informal classification); commentary (sometimes).

In each row of T[ble 2, the result of reconstruction, or recall, respectively of an
individual protein-pattern (given in the lefumæt column) is shown a^ftcr its primary plus
secondary part has been used as the "key". All 94 proteins (an their parts) have been
used for learning. Cf., T[ble la.

In eaÆh row of Table 3, the reoult of prediction is shourn for a case where the primary
plus secondary part of a giv€û (in the left) protein wa.s used a.s the "key'' and all the other
93 proteins (all their parts) for learning. Cf., Table lb.

Descriptions of the error-measures:
ff: The correct values (calculated from the DSSP base) and the predicted values (de'

coded output of the net) of individual angles 9 (angles between inter-atomic links) and
dihedral angles r were compared. If they differed for one class (less than 45 degres), the
'error' K inoeased for 1; if they difierd for two classes (4S90 degre€s), K iucreasd for

3A cylinder is an apprdiûrative enrælope of a prrotein drain.
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2, etc. K was summed over all the angles g and r, and so the total discrepancy of the
prediction from reality was obtained measured in tùe "clas-distancen r(.

I* The rate of similarity of binary vectors wa.s mea.sured with scalar product or with
so-called Hamming dislanoe. The Ha,mming distance is the number of diferemces in indi-
vidual elesrents (corresponding to each other) between two vectors. The scala.r product
is more convenient if we would have real-valued "neurons" in the Hopfield or similar net
(the theory is more developed for such a case). The Hamming distance is more convenient
for bina,ry coding.

RMS:Therateofstructor.lrimilarityofsto"*fot*sis-. edby alled'loot-
mealr-squaxe errortt: RMS = ,
where (r., gr, , zn) arc the predicted coordinates of Co-atoms (the out most ones) of appru-
imative polygons of cylinders, (îr,Uo, zr) arc the correct coordinates from the DSSP-base,
and N is the number of all C"-atoms.
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