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LEARNING IN THE TEMPORAL DIMENSION

Time-continuous mode]

o(t) = f(@(t), w(t), u(t))

J[O,T] = Jr —I—/O dt L(x(t),w(t),u(t))

w* = arg min Jyo 7 (w)

birth: the single reset  nerther training nor test! death ;
= >
0 environmental interactions T

Genetic inherrtance! How big the lifespan is supposed to be! Virtually infinite?
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VALUE FUNCTION

Value Function V : [0,T] x X - R: (t,§) — V (¢, x)

w

V(t.z) = Jr + min /t ds L(E(s). w(s), s)

0 / cost to go T
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USING BELLMAN’ PRINCIPLE

decision
at
N\
| /_\t g T
/ N

t+ At
V(t,a*)= ]Er[li%)o/(t + At,x + Az) + / ds L(x(s),w(s), 3))
w t, t

Vt,z* )=V (t+ At,z" + Ax*)+ min  L(x(t),w(t),t)At + o( At)
w([t,t+At])

=V(t,x*) + Vi(t, ") At + V,(t, 2*) Ax™ + o(Azx™) + o( At)
+  min  L(z(t), w(t), t) At
w(in  L(@(t), w(t), 1)
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HJB EQUATIONS

v%*): V(t+ At 2" + Ac*) +  min  L(z(t), w(t), ) At + o( At)
w([t,t4At))

= V%) + Vi(t,x™) At + V(t, x*) Ax™ + o(Ax™) + o( At)

+ min  L(x(t),w(t),t)At,
w([t,t+At]) X(t)! t=f(x',w,t)!t

o(At) = Vo (t,x™)- f(x™, w™, t) At + Vs(t, 2™ (1)) At + ({minA ) L(z(t),w(t),t)At
w([t,t+At

Vs(t,z®) =" min L(z*,w,t)+ Vk(t,z™) af(x*,w,1)
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HAMILTONIAN AND HJB EQUATIONS

#
H(X,p,S) .= m;i#n L(x,",s)+ paf (x,",S) Hamiltonian

Vs(t, ™) =" min L(z*,w,t)+ Vx(t,z") af(z*, w,t)

unknown V (t, X)
Vs(t,x' )+ H (X', Vg (t,x'),t) =0

V(T,X) = g(X) terminal condition

suonenbl [eruaJRI(] [BNJBd
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HJ(B) EQUATIONS AND
METHOD OF CHARACTERISTICS

Hamiltonian dynamics is sufficient
Let us consider the following (HJ) initial-point problem
!

Vs(t,x)+ H(X, Vi(t,x,t)=0. S

V(0,%) = g(x). K

OQ\
®<<

We want to convert this PDE problem into a@\@DE that can open a dramatically

di! erent computational perspective. V\%gx&%e the method of characteristic. Now

let us introduce the co-state p asp '3V and consider the total derivative'® of
its | coordinate O

(HJ)
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HJ(B) EQUATIONS AND
METHOD OF CHARACTERISTICS

co-statep asp ;= Vi

How does it evolve?!

gl (1) 1= By, (1) = Vi e(t X (1) + Vi, x, 8.
Now, if V solves (HJ) then

Vi, t(X, 1) = #Hy, (X, V(X 1), 1) # Hp, (X, Vi (X, 1), 1) aVx, x, (X, 1)

i (1) = # Hu, (X(1), Yx (500, , 1)
2 p(t) .
+ 0 (0 # Hp (x(0), Yx (30, 1, 1) &V, x (6 X (1))

p(t)
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H)JB EQUATIONS AND
METHOD OF CHARACTERISTICS (CON’T)

i (£) = # Hy, (x(8), Vx (0, 1), 1
2 p(t) :
+ 00 # Hp (X0, V040, 1, 1) &V, (6 X (1))

p(t)

Now we can promptly see that the following choice
!

X(t) = Hp(x(1), p(t), t)

(H) N
l m(t) = ! Hy(x(t), p(t), 1)
(HJ) | Vs(t,x) + H(X, Vx(t,x,t)=0.

V (0, x) = g(x).
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NON-HOLONOMIC CONSTRAINTS

Do

Jori(w) = J7 + o dt L (x(t),w(t),1)

x(t) = f(x(t), w(t),t)

S3P-2024 - Hamiltonian Learning



LAGRANGIAN APPROACH

! 1 OA

;
Jo=Jdr+  dt L#x(t),w(t),t$+ (1) &(F (x (1), w(t), 1)) ! X(t)
0

t# $ # $
H x(t),!(t),w(t),t = L x(t),w(t),t +!(t)af (x(t),w(t),1t)

| - Y

;
U= dt HOO,L®.w,0 ! ey

0
L
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A CLASSIC “TRICK”

*
| 1|

T T
dt ! (t) &it) = ! (1) &x(t) ! dt 1(t) ax(t)
0 0 0
L o
Jo=Jr+ dt g(x(t),!(t),wg%),t)! (1) éx’(t}
0 5

! "T #T

, $ $ % p
I 1)= It xmaE + ded x(t),!(t),w(t(),t + x(1) a!U(tg

0 0
L'
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EULER LAGRANGE EQUATIONS

0= %LX LX) + Hy (x(1),! (1), w(t),t)=0
0= dELiu! Li " X(t)! Hy (x(t),! (t),w(t),t)=0
0= ((jth Lo, " Hy(x(t),! (t),w(t),t)=0.

H (X, ! ,t):m\iNn H(x,!,w,t).

Finally, this leads to the Hamiltonian equations

(1) = 1 Hy (x(1),! (1), 1)
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CHARACTERISTIC EQUATIONS OF HJB
HAMILTONIAN “LAWS”

X(t)
p(t)

Hp(x(t), p(t), u(t), t) = 1( x(t), w(t), u(t))
" Hx (x(1), p(t), u(t), 1),

X(0) = xo and p(T) = pr = W (T,x(T))
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CLASSIC CASE OF
LINEAR QUADRATIC (LQ) CONTROL
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LINEAR QUADRATIC (LQ) CONTROL

XI= AX + Bw

1 . 1 .
L(X,w,t) = éx Qx + éW Rw

7 $
" . 1 n 1 " n
W = min éxQx+ inw+p(AX+BW)
w

="R'!Bp="R' !B Px:=Fx

feedback control
XI= (A + BF)x
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THE HAMILTONIAN
i . »
w = min éx"Qx + éW"RW + p (AX + Bw)

="R'!Bp="R' B Px:= Fx.

: _ 1, 1 !,# ”
H(X p,w) = ExQx+ éWRW+pan+BW

w!

1| 1 "1m .\ "1 ! |,# "1|$
:EX'QX+§(R B'p)R(R "B'p)! paAx+ B(R "B'p)

1 I 1 I "1 ! |,# "1 ! $
= ExQx+ ép' 55.( _B)'p! paAx+ BR B'p
S

%X!QX! %p!Sp+ P AX
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SOLVING HJB EQUATIONS

V(t,X) = %x! P(t)x. Letsassume a quadratic function

Vi + H (X, Vx) =0 terminal condition V(T, X) - g(x)

1 | ] 1 | 1 I | 1 | ] 1 1 L ! I~ !
“X'PX+ Z=x'Qx ! Zp'Sp+ p'Ax = ZX'BiX+ Zx'Qx! ZxP'SPX+ xX'P'AxX =0
2 2 2 2 2 2

Riccati equation
AP! aipj=prai! PA B+ Q+ PA+ A'P! PSP =0
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SOLVING HJB EQUATIONS

Vi + H(X, V) =0 terminal condition  V(T,X) = g(x)

We solve \

Pl+ Q% PA+ A'P! PSP=0 V(t,x) = %X!P(t)X-

solution of the PDE

We find the control law
T

" _ 1 .
W =Mmin —X OX + =
W 2 Q 2

="R''Bp="R' B Px:= Fx.

b
‘Rw + p (Ax + Bw)

S3P-2024 - Hamiltonian Learning



ASYMPTOTIC STABILITY

XI= AX + Bw

XI= (A + BF)x feedback control
1, .
W (t) = EX'(t)Iﬁx(t) Lyapunov function

W(t) = &'Px(t) = x'B(A1 BR" 'B'®)x(t)

+
- %x!(t) B(A! BR'!B'@)+(A'l PBR'B)P x(t)

WA! BR B'®)+(A'! PBR B")@
= PA+ A'@| 2@S@ = Q+ FWA+,(A!F®! FﬂSF?! Q! WSP=1 Q! PSE

0
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ASYMPTOTIC STABILITY (CON’T)

W(t) = &'Px(t) = x'B(A! BR" 'B'B)x(t)
= %x!(t) PA! BR B'®)+(A'l PBR B x(t)

+

PA! BR B'®)+(A'l PBR B)@

= PA+ A’ 2|ﬁfsw:g+ FﬂA+,(A!Fﬂ! Iﬁ’SF?! Q! PS@=1 Q! PSK

° Riccati’'s equation

, ! !
WH(t) = ! %x! Q+ PSP x" 0

Q+PSP#0 Q>0R> Omc stability o

The "magic” of asymptotic stability: we need to solve Riccati's equation

S3P-2024 - Hamiltonian Learning



LQ: HAMILTONIAN EQUATIONS

. 1 1
W =min  ZX'Qx + “W'Rw + p'(Ax + Bw)
W 2 2

=1 R IB'p=! R B'Px:= Fx.

XI= (A + BF )X
#1, ®1 % &
H(x, p,w)# , = SX'Qx+ SWRW+ pla AX + Bw
w!
1 1, . . % . &
= éx!Qx+ 5(R 'B'p'R(R 'B'p)! paAx+ B(R 'B'p)
_ 1, 1, "1p! !,0/0 "1!&
= QX Qx + ép EB_R);_Ber! paAx+ BR "B'p
1,

5 Qx ! %p!8p+ P AX
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LQ HAMILTONIAN EQUATIONS

= Ax + BW = A" BReosfep T As L x
= " " I a
e > p Q"A" % p
=" Qx" A'p.
|-Dim
a !s ‘lla I!'s
g ! a det lqg !+a =0

positive eigenvalues ... we need of the crystal ball!

(121 a®)1 gs=0" 1l =+ a2+ Qs

S3P-2024 - Hamiltonian Learning



HAMILTON and RICCATI EQUATIONS

When considering the circuital assumptionp = Px we get pi= Bix + Px1 From
the state equationPxi= PAx " P SPx and, therefore,

p]: ] QX n A'PX: Fb:jx_l_ PAX n PSPX

That is, for any X:

Qx + A'Px+ Plx + PAX" PSPx=0 % Rl+ Q+ A'P+ PA" PSP =0.

R+ Q+ A'P+ PA! PSP=0 it cannot be solved Oforward in timeQ!

S3P-2024 - Hamiltonian Learning



H AND HJB EQUATIONS:

CAN WE FIND THE VALUE FUNCTION? WHY IS QUADRATIC?

1 1 o
Vi + H(X,Vy) = V, + éx!Qx! ép!Sp+ PAX =0 Hamiltonian
XI= AX + Bw = Ax " gBé%_B&p
S

m="Qx" A'p. \.

A= nAY | A
Pl X'fi= pAX | p'Spr x'Qu+ x'Alpr PRTPAXE PSP
Xm=1x0x! xXAp

| 1 dwil ol
M= 3 pXxi! X'

- Sincep(t) = P(x)x(t) we get
N : Y%

1 | s II ¢ ,# 1 | ] |
Vi + > xPxi! x’ Px+PxX1t =WVW! EX'FU('[)X':O

and, bnally
&

V(t,x) = %x!(t) tdsFﬂ(s)x(t): %x!(t)P(t)x(t)

0

S3P-2024 - Hamiltonian Learning



TO SUM UP

* HJB: necessary and SUFFICIENT conditions!

* H equations are characteristic for the H] PDE

* Links with Lagrangian approach - Pontryagin's Maximum
Principle - PMP)

* The perspective of H Learning

S3P-2024 - Hamiltonian Learning


https://en.wikipedia.org/wiki/Pontryagin%27s_maximum_principle

COGNIDYNAMICS:
A THEORY OF NEURAL PROPAGATION

“Life can only be understood backwards; but
it must be lived forwards.”

Seren Kierkegaard



HAMILTONIAN LEARNING
AND BIOLOGICAL PLAUSIBILITY

reactions: Lagrangian multipliers !

%

e s‘»‘ AV, Y/
™ Qéi“?nﬁgr‘é‘ :
XL W Hox |\

&“'4 "‘.«'«5" S
"\%%} e

UOI3DBJDIUI [BIUSWIUOIIAUD




LEARNING IN RECURRENT NETS

() = ui(t)g, 2. o i

. ) = ") %+ # w4 it
| i Vi (1= 85 (0% (1) (ij)" A
Wi (t) = & (t)wy (t) (Lj)" A

X" [, Wip] \environmental interaction
" dissipative parameters
To# # #o \ »

R(",T)= 5 m;j (S)"i (s) +° (i(s)V(ti(s),s) ds
0 i"gj"V 1" O potential energy

Kinetic energy

S3P-2024 - Neural propagation



THE HAMILTONIAN

w|l
;
H i, wi , pis pij 1)

[, _ (v 0
=min % Cmy ()" (L) + #$.(t)V#' t$ = ’#’$’ml’ /O>
Y YA g ( developmental learning

t %Opit) ! H)+ & - (Dwi (! (1)
) )
(e (D) _ G
t ij Pi (t)( ij (t) ij (t) . )i (t) == m:j M
H =" L .l tps (1) + # (t)V#' (1), t$
w2 WA gy &' © (
e AP L)+ & oy (H)wi (6! (1)
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3uluJea| JO UOIBZIUDIDBJIRYD ||N)

THE HAMILTONIAN (CON’T)

Xl= Hp

m= ! Hy

<— optimal control

- ”“)\

H(x,p,!,u)

invariances

A

external purpose

energy-driven
heuristics

S3P-2024 - Neural propagation
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LEARNING IN THE TEMPORAL DIMENSION

Xi= Hy @= ! Hy pali]
HAMILTONIAN EQUATIONS

Energy-Driven
Heuristics

S3P-2024 - Neural propagation



parents

ST ST
XK G IAK KK GIRAK G I IS

See  Sge  Seye

KK GRS IR K GIK S

S RERGRGRG IO IO IO O
C oo\t <\l <\l >Nl >Nl >\l >\
| -
© L
" — ~~ .
m fud R
N’ ) 2\ I\ ” X "
RX X ABRX AR EABRX X IOIRXENORX EIBRXEIOIRK EANRK KA
- eV a0 WAVAVA 4 VAVAYAL 4 VAVA A VAVA A2 % PO LI LA L)
P ; ; , , S %
— 4 . £ \a
N’
v|v v b ,I\ W A \ S & & & S S
—~ XX w«f”\h 3 SIS
— KRR LG CIR T S e
" LN e SO SO
i Nt O/ NSNS
i N~ £ al
— . w v
N
- '.‘D.".‘ K .“”“”‘1”‘1
z RS IRS T RS T IRS TR
: T 0o oee e a s
— RN N\ NS N S NOA N NIANS NIAUR
N i OSSNt SN g Nt SN SN PN SN
- — 2 2 2 R R W, W, W,
5 —
N RO < R RS << < 7 R< 7 ROS<
T o Gieie e e m e e e,
o 5 5 5 5 5 5 5 5 &
> — — £ N N N N T T N, 2N 7w A
— — - - kl&l&l&l&(& e e
~ S —
i | > ~ <
— ..(L\\)ou : = . il vwrvevs
~ — = RS IS/ K> <RSI RS 7
R QUele/e O e e e . ™
= = QLI SR SRBI SEAADA SENAD SAAD SENAD SEAAD S
K KL K KL X KL X KL X KL X KL X KL X KL 9,
— RO SN SN SN SN SN O SN —
> + ) !&!&l&l&.&.& e e
- —~ & L _ S _ 5 - -
o — ) p— &
- ) =~
. P N > . . <
3 I T ,V‘\\\.;/(‘\\\}V‘\\\.}V‘\\\ﬂ?‘\\\ﬂ?‘\\\ﬂ*‘\\\ﬂ?‘\\\ﬂ?‘\\1
** ;A @ede OO O S e m N
— . NS NS SSAK SSAUN SSAUS SSAUSY SSAUKY SSAUKY SSALJ
S oo S £ = R e
- + o . . . . W, W,
~ . A > >
N’ —_— ~~
— -
— o o= ~~— = o -~
N o/) )W ~ ity vleoleolelteltrltwvey
N n IRAKIRHSKCIRAKIRAKIRAKIRASKCLRASSIRAKIRK,
~ _ _ = OO AN LN SN SN SN AN
i = = !&!&Q&Q&Q&Q&Q&Q& £ -
- T Il >
I~~~ Il A~~~
- ~~ +— ()
- R PR PR IR IR R PR PR IS
\ — 55 5 5 5 5 5 5 5 5
= 2 = = S e g g g g e
[ NSANRY NSSARY SSAUY SSAUAY SSAUAY SSAURY SSAKR SSAUKY SSAL/
- q B ckward S A A A AT AT AT AYAYE

LOCAL SPATIOTEMPORAL PROPAGATION
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GRADIENT-BASED INTERPRETATION OF
HAMILTONIAN LEARNING

2
;= mlj (Ij (ij (t) - i (t)
J Mij (Ij Mij (t)
2 2 T . 5
— d (IJ | (ij 'ij T
B Gim T m %G m Ty
t

| - gradient-based interpretation

-t
W (1) = " % (t)pij/(t)_\gij = | T #!(ai)piﬁ
0

S3P-2024 - Neural propagation



GRADIENT-BASED INTERPRETATION OF
HAMILTONIAN LEARNING

Wi+ Lva + g =0

/

m =!!i"i# (a)p$

I

Uij

Il - gradient-based interpretation

S3P-2024 - Neural propagation



for tin range(n-1): target

t s

time # Hamilton's statiotemporal propagation response LSTP

# y
b x_dot[t0] = q* (zft] - x[tom

for i in range(m):
/" x_dot[ti] = SignFlip[t]*(-x[ti]+Sigma(fTi]))
TEHIT STt 1] = ] + taux_dot[t,i]
p_b_dot[ti] = - SignFlip[t]*(DSigma(fli]) *p_x[ti]*u[t] + r_Ow*b[t,])
p_b[t+1,i] = p_b[ti] + tau*p_b_dot[t,]
p_x_dot[t,]] = p_x_dot[ti] + p_x[ti] - r_Ox * x[t,i]
b_dot[t,i] = -SignHlip[t]*p_b[t,i]/r_w

b[t+1.i] = b[ti] + tau*b_dot[t] OforwardOH Obackward® H,

for | in range(m):

fli] += wltij*x[t/]
/ p_x_dot[t,] = p_x_dot[ti] - DSigma(f[i])*p_x[t,)]*W[t,}i]
p_w_dot[ti] = - SignFlip[t]*(DSigma(f]i]) *p_x[ti]*x[t)] + r_Ow*w[ti])

p_w[t+ 1] = p_w[ti)] + tau*p_w_dot[t,]
w_dot[ti)] = -SignFlip[t]*p_w[t,1j]/r_w
wlt+ 1] = wltij] + tau*w_dot[t,i]
p_x_dot[t,i] = SignFlip[t]*p_x_dot[t,]
p_x[t+1,]] = p_X[ti] + tau*p_x_dot[t,]

connection

sisA[euy J1WYIIo3|y

NOILVOVdOdd 1VHOdIWd | OILVdG 1VOOT]



ENERGY BALANCE

E = #| (@%@ input/output information

D = D#+ Dg+ Do+ Dg

D, = | 'm)d variation of loss gating
1 © [ ~ o |

D. := % o $ (" )p? ()" variation of weight velocity gating
g ~ # $

Dy = | %( (") P H#HC)+ & g (" ) d" variation of activation gating
0

= 0 % (" \p: (" SNPR C "V (") d"
Ds = ¢ 2P ()& a(") ,-ui ()wij ()% (*)d variation of weight gating

S3P-2024 - Neural propagation



ENERGY BALANCE (con’t)

| Principle of Cognidynamics

E=1H+D

All energy term can either be positive or negative!

S3P-2024 - Neural propagation



(3.uod) IDNVIVE ADYINT

Proof.
%

-

' ( "

Hs (o, = ))_s SR $ij ()5 () + | !i(S)V$#(S)1S
: # & )&) |

o UOIMOM #ﬁfs) + & | i (S)wij ()% (S) o

=1 CHOREOF LOVEE))F HOVE), ")
. 4 il O ( . )&
t g BOWC) A & (wy (F ()
. o o
v e ROPM& AC) T (wy ()4 ()
Now, let I H = H(#(t), w(t), ps(t), pw(t),t) ! H(#O0), w(0), ps(0), pw(0), 0) be.

If we integrate over [0, t] we get
!

t" $ %
' H = Li(MVs(# (M), ") d " E

TN
!

+ t!"J|(")V(#i("),")d" "1 D,
10! o

S OB D
i 0 !
v , # $ 9%

+ ; L 2O P AC)+H & al) o "1 Dy
e $ %

+ i g 2O ()& (") j'uj (Mwi (") (M)d” "t Ds
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DEVELOPMENTAL LEARNING
AND ENERGY-DRIVEN HEURISTICS

invariances H(x,p,!,u) external purpose

I

|u: I Tnn Ip .
2 energy-driven

<— optimal control heuristics

Xi= Hp

g= ! H,

S3P-2024 - Neural propagation



CONSCIOUSNESS ISSUES

consciousness conscious control
module

<
<%

A

self-conscious control

response
Lagrangian R Optimization -
module module

A

A A
genetic objectives  environmental
information

S3P-2024 - Neural propagation



NEURALYVS ELECTROMAGNETIC
WAVE PROPAGATION



WAVE PROPAGATION

! Finite Difference Time Domain (FDTD)

T ~ (i+1, j+1, k+1)

(i, j, k+1) >/\ /d /\

l aB =0

—> > H—>

) I B E. e X

! E=# 1t ) ) Z‘X A> (i+1,j+1, k)

pd E,

(1, , k) (i+1,j.k)
Ex

S3P-2024 - Neural vs wave propagation



MAXWELLS EQUATIONS

n+1
Ex |i,j,k !

Exl

n! 1
L],k

2%t
+1
Eymj,k !

Eyl

n' 1
L],K

2% t
Ez [ !

E.|

n' 1
Ij,K

2%t

n+1
Lj,K

I Hy

n!' 1
Lj,K

n+1 |
L,k *

2%t
Hy

n' 1
Lj,K

n+1
Lj,K

2% t
I H;

n' 1
Lj,K

2%t

! n
1 HZli,j +1 Kk !

Hz v 1k , Hylhk +2 ! Hylijk 11

! 2%y 2% 7
}' Hxllik «1 ! Hxliik 11 : Hz|%g jx b HzIl 1k
! 2% z 2% x

!
1 Hylvy jc ! HylD 1k | Hylij o1 i b Hxlij o1k
! 2% x ' 2%y

!

117 Bzl v k! Bzl 1k By ik «1 | Eyllik i
T 2%y ' 2% z
1 1 Ex ir?j’k +1 ! Ex ir,]j,k 11 E. in+1 J:.K ' E; in! 1,j,k
T 2% z ' 2% X "
117 Byl k! OByl o1k : Exlii«1 k! Exlij1 1k
T 2% X ' 23y

... plus divergence equations
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MAXWELL EQS:

INVERSE PROBLEM

11 4E = — (GaussOs Law)
#1488 =0 (GaussOs Law for Magnetism)
i 1" E =#Z2 (FaradayOs Law)

(AmpereOs Law with MaxwellOs correction) T /

P10 B = ol + polotE
VvV V V9
(1), k)

DdIV E(t) - .(—(1):)’ DdivB(t) =0 '/‘

d"E” | _ Dcur”E 17s”

dat B (t) Dcurl | B (t) + 0 J (1)

/ %
X(t) = Ax(t)+ BG(T) yt)=C & (t)- Cx(t)
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INVERSE PROBLEM AS OPTIMAL CONTROL

_. divergence equations on B, E

Loy ...#
u' =arg mliJn (Cx(t) ! z(t)) Q(Cx(t)! z(t)) + u(t) Ru(t) dt

l 0
AP+ PA! PBR*IBP+CQC=0 [t's likely very hard to solvel

|

u(t) = ! R*1B Px(t)
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HAMILTONIAN SOLUTION

S=BR*1B"

H(xp) = S(CX()! 2(t) QCX(®) ! 2(1) | Sp'Sp

X(t) = Ax(t)g$ Sp(t) )C()(/t) = Ax(t) + Bu(t)

mt)=! CQ Cx(t)! z(t) ! A'p(t) generally hard to solve
X(0) = Xg
P(0) = po

u(t)= ! R' 1B p(t)
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TIME SYMMETRY

time symmetry

|

A eigenvalues on the imaginary axis

X(t) = Ax(t)' Sp(t) x(t) = AX(t) + Bu(t)
pt)="!CQ CX(t)' z(t) ' Ap(t)

X(0) = _Xg

boundary conditions

u(t)= ! R 1B p(t)

“foryard propagation also for the co-state!”
Y

wt) = A'u(t) + R#lB"C"Q:be(t)! z(t)
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HAMILTONIAN LEARNING FOR
NEURAL AND ELECTROMAGNETIC PROPAGATION
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CONCLUSIONS

¥ Regulated access to data collections and the challenge of
CollectionLess Al - emphasis on environmental interactions

¥ Learning theory inspired from Theoretical Physics; a pre-
algorithmic step: Cognitive Action, natural laws vs algorithms)

¥ Hamiltonian Learning and dissipation

¥ Local SpatioTemporal Propagation (LSTP) as a proposal to
replace Backpropagation in “temporal learning environments”™

¥ Electromagnetic wave propagation
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