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Motivation

Weighted Max-Cut problem

Given a graph G = (V,E), find a partition of
the vertex set into two sets S and V\S such
that the total weight of edges connecting the
set S and its complementary V\S is as large as
possible.




Motivation

Traveling salesman problem

Given N cities and the distances (dfﬁj)ll'\,lj=1 be-
tween each pair of cities, what is the shortest
possible route that visits each city exactly once
and returns to the origin city?”
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Quadratic Unconstrained Binary Optimization (QUBO)

Ising model:

Given a finite simple graph G = (V, E) and spin-spin coupling constants (J; ;); jev and
external fields (h;)jev, where J;; = J; ;, let us define the Hamiltonian H by

H(e)=- > Jijoioj— Y hio; (1)

{i,j}eE iev

for each o € Q = {-1,+1}".




Quadratic Unconstrained Binary Optimization (QUBO)

Ising model:

Given a finite simple graph G = (V, E) and spin-spin coupling constants (J; ;); jev and
external fields (h;)jev, where J;; = J; ;, let us define the Hamiltonian H by

H(e)=- > Jijoioj— Y hio; (1)

{i1eE iev
for each o € Q = {-1,+1}".

Let us consider the set of ground states of H:

GS={o:H(o)= mT;n H(n)}. (2)
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Weighted Max-Cut problem

Given a graph G = (V, E) and a family of weights (w; j); jev such
that w;j = w;; and w; j = 0 if {i,j} ¢ E. Then, let us consider the
Hamiltonian

H(e)= > wj(1-0i0;)/2 (3)

{i.j}eE

for o e {-1,1}V.
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Example

Weighted Max-Cut problem

Given a graph G = (V, E) and a family of weights (w; j); jev such
that w;j = w;; and w; j = 0 if {i,j} ¢ E. Then, let us consider the
Hamiltonian

H(e)= > wj(1-0i0;)/2 (3)

{i.j}eE

for o e {-1,1}V.

The weighted Max-Cut problem is equivalent to the minimization of H.
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Example

Traveling salesman problem

N

Given N cities and their distances (d;;);";_;.

T = (Tt,i)tl:\{izl € {O,I}NXN, we have

where d; ; = d; ;. For a spin configuration

4

{Tt‘,' =1 if the city i is occupied at time t,

7¢,;i =0 if the city i is NOT occupied at time t.




Example

Traveling salesman problem

Given N cities and their distances (di,j)/szlv where d; j = d; ;. For a spin configuration
T=(1,)V,_; €{0,1}V*N, we have

4

T¢,i =1 if the city i is occupied at time t,
7¢,;i =0 if the city i is NOT occupied at time t.

YiTt,i=1 for each t, and

In that way, T represents a legitimate trajectory iff .
YT, =1 for each i.
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Example

Traveling salesman problem

Given N cities and their distances (d; ;)"
T= (T,;,)t 1 €{0,1}MN we have

Pt where d; j = d; ;. For a spin configuration

Tt =1 if the city i is occupied at time t,
7¢,i =0 if the city i is NOT occupied at time t.

Yi7t,i=1 for each t, and

In that way, T represents a legitimate trajectory iff .
YT, =1 for each i.

Let us consider the Hamiltonian

N N 2 N N 2
H(T)=A;(1—Z7},,’) +AZ;(1—Z7}7,')

t=1

Z Z Z d STt iTt+1,j

t=1j=1=1

where T € {0, 1}N*N is defined by 7, = (1 +0,;)/2.

If 0 < Bmax{d; ;} < A, then the TSP is equivalent to the minimization of H.
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Combinatorial Optimization (CO) is Vital to Our Society

Finance Logistics Drug Discovery | Machine Learning

RS 5o

Route 1 Route 2 Route 3 Opt. Route

W Goal:
w8y Find an optimal route O(N!)




Annealing Computation for CO using Ising Model
CO Problem CO Solution

Find Ground (Minimum Energy) States of Ising Model

Ising Model Annealing Process
Initial State Temp.

Q0000 , _Control

o; € {+1,—1}: Spin
(]

Jij: Coupling Weight

45 Energy Function

o, H@)= ——Zhjﬂtﬂj

i#j

Energy Val: H(o)

Spin Space




Comparison of Annealing Policies

SA DA ( SCA ( RPA
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® Single update

m Single update
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Simulated Annealing (SA)

Let us consider the Metropolis dynamics at inverse temperature 3:

ﬁ . e~BEi(e)" if =0 for some ieV,
Pg(o,7){1- ey Ps(o,0’) if =0, and (7)
0 otherwise;

where o' is the configuration given by
(o) =477 FI=T (8)
J g otherwise,

and .
Ei(o) = H(a') - H(o). (9)
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Simulated Annealing (SA)

Let us consider the Metropolis dynamics at inverse temperature 3:

ﬁ . e BE(a)" if =0 for some ieV,
Pg(o,7){1- ey Ps(o,0’) if =0, and (7)
0 otherwise;

where o' is the configuration given by

(0); = {"’f = ®)

g otherwise,

and .
Ei(o) = H(a') - H(o). (9)

Theorem (B. Hajek)

Let (Xt)ts0 be the discrete-time inhomogeneous Markov chain satisfying
]P’(Xt = 0't|Xt—1 =0t-1y--- ,X() = 0'0) = ]P(Xt = o-t|Xt_1 = U't—l) = Pﬂz (at_l,at) (10)

for every t > 1 and oy, ...,o+ in Q. There is vc >0 such that if we choose 3, = % log n, then

lim P(X, € GS) = 1 (11)

holds if and only if v > vc.



Digital Annealer's Algorithm
Fujitsu Laboratories has recently developed a CMOS hardware designed to solve fully
connected quadratic unconstrained binary optimization (QUBO) problems, known as the
Digital Annealer (DA).

initial state < random state;

for each run do

initialize to initial state;

for each MC step do

update the temperature;

for each variable j, in parallel do

Updated-bitindex ] . . _BE.*
% T Decsion propose a flip using e PE;™,
} O~ > if accepted, record;
Selector /4 end

if at least one flip accepted then

choose one flip uniformly at
random among them;

update the state and cavity
fields in parallel;

/=%
TF
E—_E

1N

set-to-zero

ADB ADB R
Eu
o . end
Ea 2 D
<"7 end
:
State variable update block Ste end

(a) The DA architecture (b) The DA’s Algorithm
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In our framework, the Digital Annealer's Algorithm transition matrix P},i,DA at inverse
temperature 3 is defined by

> E e PE(@)" I (l—e_BEf(")Jr) if r =0,
sev 1Sl jes jeW\s
Ell
PﬁDA("'v"'): H(l—e’BEJ(”)Jr) if =0, and
jev
0 otherwise.

16 / 44



In our framework, the Digital Annealer's Algorithm transition matrix P},i,DA at inverse

temperature 3 is defined by

5 1

sev 1Sl jes jeW\s
El

PEM(o, ) = [](1- e PE(@)")

jeVv

0

The algorithm works as follows.

e BE()” I (l—e_BEf(")Jr) ifr=0,

if =0, and

otherwise.



In our framework, the Digital Annealer's Algorithm transition matrix P},BDA at inverse

temperature 3 is defined by

5 1

sev 1Sl jes jeW\s
El

PEM(o, ) = [](1- e PE(@)")

jeVv

0

The algorithm works as follows.
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otherwise.

© Given a state X; = o at time t, we propose a parallel-trial where each spin variable o;
is assigned as eligible to be flipped with probability exp(-3:Ej(o)*).




In our framework, the Digital Annealer's Algorithm transition matrix P},BDA at inverse
temperature 3 is defined by

S L [1e5@" ] 1-eP5@) ifr=o
sev 1Sl jes jeW\s
El
PEA(Uv"'): H(l—e’BEJ(”)Jr) if =0, and
jev
0 otherwise.

The algorithm works as follows.

© Given a state X; = o at time t, we propose a parallel-trial where each spin variable o;
is assigned as eligible to be flipped with probability exp(-3:Ej(o)*).

® If the set S of all vertices associated with eligible spin variables contains at least one
element, then a vertex i is chosen uniformly at random from S, and we place
Xi+1 = o'; otherwise, nothing is done, and we consider X;;1 = 0.
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Let (Bt)t>1 be a nondecreasing sequence of positive numbers such that lim¢_.oo Bt = +00,
and let (X¢)t>0 be the discrete-time inhomogeneous Markov chain satisfying
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Theorem (Fukushima-Kimura, Kawamoto, Noda, Sakai)

Let (Bt)t>1 be a nondecreasing sequence of positive numbers such that lim¢_.oo Bt = +00,
and let (X¢)t>0 be the discrete-time inhomogeneous Markov chain satisfying

P(Xi =04l Xe1 = 0¢1,..., X0 = 00) =P(Xe = 04| Xe-1 = 0¢-1) = PP (0e-1,00)  (12)

for every t >1 and oy, ...,0¢ in Q.

There exists vy > 0 such that the limit

tlim P(X:e GS) =1 (13)
holds if and only if
3 ePre = too. (14)
=1

In particular, if (8t)¢>1 assumes the form
1
Bt = —logt (15)
Y

then, equation (13) holds if and only if v > 7c.



Definition
We say T is reachable from o at height E if there exists a path o = 0, o1, ..., on = T such
that maxo<k<n H(ok) < E.

Definition

We say o is a local minimum if there is no 7 satisfying H(7) < H(o") which is reachable
from o at height H(o). So, the depth of a local minimum o which is not a ground state is
defined as

d(o) =min{E >0: 37 with H(7) < H(o) that is reachable from o at height H(o') + E}.
(16)

The constant 7. coincides with the depth of the second
deepest local minimum, i.e.,

e = max{d(o) : o is a local minimum not in GS}.
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H(O‘)=— Z J,'JO','O'J'. (17)
{i.j}eE

® Max-cut problem. The Hamiltonian is defined in an Erdds-Rényi random graph
G(N, p), with spin-spin coupling satisfying J; ; = -1 if {/,j} is an edge of the graph
and J; j = 0 otherwise.

19 / 44



Simulations

Let us consider the following Hamiltonian:

H(O‘)=— Z J,'JO’,‘O'J'. (17)
{i.j}eE

® Max-cut problem. The Hamiltonian is defined in an Erdds-Rényi random graph
G(N, p), with spin-spin coupling satisfying J; ; = -1 if {/,j} is an edge of the graph
and J; j = 0 otherwise.

® Spin glasses. Let us consider a spin glass Hamiltonian in a complete graph with N
vertices, where the values for the spin-spin couplings J; j = J; ; are realizations of i.i.d.
normal random variables.




Simulations

Let us consider the following Hamiltonian:

H(O‘)=— Z J,'JO’,‘O'J'. (17)
{i.j}eE

® Max-cut problem. The Hamiltonian is defined in an Erdds-Rényi random graph
G(N, p), with spin-spin coupling satisfying J; ; = -1 if {/,j} is an edge of the graph
and J; j = 0 otherwise.

® Spin glasses. Let us consider a spin glass Hamiltonian in a complete graph with N
vertices, where the values for the spin-spin couplings J; j = J; ; are realizations of i.i.d.
normal random variables.

Each plot in the following figure illustrates the histogram of minimal energy achieved by the

and Metropolis dynamics Considering a graph with N = 128 vertices and M = 1024
annealing trials, where on each trial we applied L = 20000 Markov chain steps and considered
the exponential cooling schedule with initial temperature T;,; = 1000 and final temperature
Tsin = 0.05, explicitly, we considered

—

t—

1 Tfin =
— = Tini 18
,Bt t ( Tinit ) ( )

fort=1,2,...,L.



Simulations

Histograms of minimal energy Histograms of minimal energy
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Figure: Histograms obtained by using the SA and DA, where N = 128.



Table: Summary of the simulations

Success rate
SA
Max-cut 7.52% 58.01%
Spin-glass 5.08% 40.72%

Model
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The extended Hamiltonian H is defined by
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The extended Hamiltonian H is defined by

- 1 1 1
H(e,m)=-3 'ZVJi,jUiTj -5 _Z\:/hi(cfi 1) -5 _Z‘:/iniTi
ije i€ i€

for each pair o, T of configurations in {-1,+1}".
Let us define the SCA transition probability PngA by

-BH(o,T)
e
P (o, T) =

>

-y e*BFI(Uv"'I) ’

(19)

(20)




SCA

The extended Hamiltonian H is defined by

1
H(o,T) = -5 > JijoiT - Z hi(oi+ 1) - 5 > qioiT (19)
ieV ieV

ijeV
for each pair o, T of configurations in {-1,+1}".
Let us define the SCA transition probability PngA by

e~ 8o,

SCA = 20
MNo,7) = ST T (20)

It is straightforward to verify that the distribution 7TSCA defined by

ho e BA(a,T)

SCA(O_)_ ——
za’,'r’ e B (e’,77)

(21)

is the stationary distribution for PngA.



Moreover, we can rewrite PngA as
,

e%(ﬁi(a)wmi)ﬂ‘

Pl (e, 7)=T]

_ R 22
iev 2cosh(£ (hi(a) + gioy)) 22

where the cavity fields h;(o) are given by

71,‘(0') = Z J,-Jcrj + h,‘. (23)
jev




Moreover, we can rewrite PSCA 35
B.q
8(h o)
e’z (hi(e)+ajoi)T;

o, T _ ’ -
q(o,7)= ,I}/2COSh(§(hi(U)+q;U;)) (22)

5 CA

where the cavity fields h;(o) are given by

71,‘(0') = Z J,-Joj + h,‘. (23)
jev

Theorem (Fukushima-Kimura, Handa, Kamijima, Kamakura, Kawamura,
Sakai)

For any non-negative q, if B is sufficiently small such that

r= max(tanh + Y tanh BlJX’y|) , (24)
xeV 2 yev
then t5S2 (e) obeys
log|V/|-loge
tmi <|\l————— | 25
in(e) < [ AL (25)



Moreover, we can rewrite PSCA 35
B.q
8(h o)
e’z (hi(e)+ajoi)T;

o, T _ ’ -
q(o,7)= ,I}/2C05h(§(hi(d)+q;0;)) (22)

5 CA

where the cavity fields h;(o) are given by

71,‘(0') = Z J,-Joj + h;. (23)
jev

Theorem (Fukushima-Kimura, Handa, Kamijima, Kamakura, Kawamura,
Sakai)

For any non-negative q, if B is sufficiently small such that

r= max(tanh + Y tanh BlJX’yl) , (24)
xeV 2 yev
then t5S2 (e) obeys
log|V/|-loge
tmi <|\l————— | 25
in(e) < [ AL (25)

T.P. Hayes and A. Sinclair (2007) proved that the mixing time for the Glauber dynamics is
Q(|V[log V).



Proof.

It suffices to show prm (P (o,-), PEA(T,-)) <r for all o, 7 € Q with [Do r| = 1. If

|Do,+| > 2, then, by the trlangle mequallty along any sequence (g, 7, - - M\D, T‘) of spin

configurarions that satisfy g = o, p_ | =7 and |D,,j_1,,,j| =1forallj=1,...,|Ds | we
have '
SCA ‘DG ‘i'l SCA
pru(PES (@), PESA () < X, preaa(PESA (), PSSR (1)) < rlDo el (26)
Jj=1

Suppose that Dy + = {x}, i.e., 7 =0*. For any o0 € Q and y € V, we let p(o,y) be the
conditional SCA probability of o, — 1 given that the others are fixed:
o3 (hy(a)+ayoy) 1+tanh(é(hy(o') +qyay))

2C°5h( (hy(o') + CIyUy)) 2 &7

p(o,y) =

Notice that p(o,y) # p(c*,y) only when y =x or y € Ny = {v e V: ., # 0}. Using this as
a threshold function for i.i.d. uniform random variables {Uy },cv on [0,1], we define the
coupling (X, Y) of PSCA(U -) and PSCA(a'X -) as

-1 [Uy>p(o,y)], -1 [Uy>p(a,y)]

X, - {+1 [Uy <p(o,¥)], Y, - {+1 [Uy < p(e™,y)], (28)




Proof.

Denote the measure of this coupling by P, »x and its expectation by E5 ox. Then we obtain

Ev o+ [IDx.v]] = Ea,ax[ > mxﬁyy}] 3 Poor(Xy £ ¥,) = 3 (o) - bl )
yeV yeV

= |P(07X)—p(aX,X)I+ Z,:V lp(e,y) = p(a™, ¥)l; (29)
yeNx

where, by using the rightmost expression above satisfies

|p(a',x)—p(crx,x)|sé tanh('BhXT(a)+%)—tanh(thT(a)—%) , (30)
and for y € N,
1 B(Xyex Jv,you + hy +qyo Jx,
lp(a,y) = (e, y)| < tanh( e — = Y)+B2”)
—tanh (B(Zv¢x JV,,VUV + hy + quY) _ ﬁJXv}’) . (31)
2 2
Since [tanh(a + b) — tanh(a — b)| < 2tanh|b| for any a, b, we can conclude
PTM(qu (o,), PS(J""“(¢7'X )) Eo,ox[|Dx,vl] <tanh O Z ta "Vl <r. (32)

yeNx



Theorem (Fukushima-Kimura, Handa, Kamijima, Kamakura, Kawamura,
Sakai)

Suppose that the pinning parameters q = (q;)jcy satisfy q; > /2, where X is the largest

eigenvalue of the matrix (=J; )i, jev. For any non-decreasing sequence (ft)t>1 satisfying
lim¢poo Bt = 00, we have

oo
sca __sca G
D73 o~ Ta el TV < o0, lim ||7T3t 7~ Tl TV =0. (33)

In particular, if we choose (Bt)t>1 as

log t
Bt =——, r=>3r, Fi= > il + kil + i, (34)
r ieV jev
then we obtain
< scA
> (1-6(P37%)) = oo. (35)
t=1
As a result, for any initial j > 1,
. SCA pSCA SCA _ .G _
tll,n.l, Sl:p ||“Pﬁj:qpﬁj+1: “Plq = Teo ” v =0 (36)



Proof




Proof

Step 1. Let us show
lim 755 - m v =0

We first define
RCLICED) e B(A(o,T)-m)

pplo,T) = = = = s
#(e7) Sene BAEM ~ 5, e BAED-m

where m = ming , H(o,1). We conclude that

e 7)=m) lyeGs

KB (o,7)

|GSI + Z¢ m:r1(8,m)>m

7S (o)

Summing this over T yields the second relation in (33).

e-B(AEM-m) Breo |GS| T

(37)

(38)

(39)




Proof

Step 1. Let us show

lim |73 & lrv =0 (37)
We first define
e Bf(o,T) e B(A(o,T)-m)
ug(o, ) = 7 = = , (38)
Tem e~BH(&m) Tem e—B(H(&m)—-m)
where m = ming , H(o,1). We conclude that
~B(A(e,7)-m) |
uple,m) = - ~B(A(em-m) a8 oo (39)
IGS+ Ze nefice.mpsm ® M pree 1GS|
7S (o)
Summing this over T yields the second relation in (33).
Step 2. Let us show
28 lha ~ TRl Ty < o0 (40)
To show the first relation in (33), we note that
Oug(o,T) R
o5~ (Bus A= Ao, )us (@ 7), (41)

and that E,, [A]= Yor A(o, ) pg(o, ) tends to m as 5 1 oo, due to (39).



Therefore, %ug(o’,-r) >0 for all 8 if FI(O’,T) = m, while it is negative for sufficiently large

B if I:I(cr,-r) >m. Let neN be such that, as long as 3> 3, (41) is negative for all pairs
(o, 7) satisfying H(o,7) > m. As a result,

SCA SCA
;_' “ﬂ—Bt“,q - ﬂ—ﬁhq HTV

1 N 1 N
-5 T Ylmihe@) TR @l T S inihg(e) ~mi (o)
oeGS t=n o¢GS t=n
1 N 1 N
<5 2 Z(#aﬂl(aﬂ)—ﬂm(ﬂ’ﬂ)ﬁg > 2 2 (s (o)~ pp,, (0,7))
oeGS t= oGS T#0 t=n

N
XC:} Z:(Trﬂt q(a) 7T/3t+17q(a'))

l\)ll—‘

=% (W (9:0) — g, (7,0)) + % 2 2 (ug,(o,m) — gy, (0,7)

oGS T+o
1 SCA
+§ > ( T3,q(0) - 7"/3/\”1,11( o))
o¢GS

< (42)

N w

holds uniformly for N > n.



Step 3. Let us show

oo

;(1-5@352)) = oo. (43)

To show the equation above, we use the following bound on PE%A, which holds uniformly in
(o,7):

“cr () o2 (h()+qo) T
P o, T)=
5 )

9 xev 2cosh( (hy(o) + gxox))

1

xev 1+ e6|77x(a)+qxax|
oBMx  o=BT

- (44)
xeV 2 2|V|

Then, we obtain

8

~
Il

3

(1-6(P5%)) =3 min S P (o, T) AP () 2 Y e (45)
1 t=1 T t=1

which diverges, as required, under the cooling schedule (34). This completes the proof of the
theorem.




Ratio-controlled Parallel Annealing (RPA or e-SCA)




Ratio-controlled Parallel Annealing (RPA or e-SCA)

Given the inverse temperature 8 > 0 and a number € € [0,1], let the transition kernel of the
e-SCA be defined by

Pge(o,T) = n (ap,-(a')) H (1 - apj(o')), (46)
itop=—T; Jjioj=Tj
where we recall that ;
e—gh;(v)m
pi(o) = (47)

2cosh(2hi(a))

is the probability of flipping the spin o; from the configuration o disregarding a pinning
parameter at i.




Ratio-controlled Parallel Annealing (RPA or e-SCA)

Given the inverse temperature 8 > 0 and a number € € [0,1], let the transition kernel of the
e-SCA be defined by

Pge(o,T) = H (ap,-(cr)) H (1 - apj(a)), (46)
itop=—T; Jjioj=Tj
where we recall that ;
e—gh;(vm
pi(o) = (47)

2cosh(2hi(a))

is the probability of flipping the spin o; from the configuration o disregarding a pinning
parameter at i.

Theorem (Fukushima-Kimura, Kamijima, Kawamura, Sakai)

For any parameter ¢ € (0,1], if B is sufficiently small such that

Jij
rE(l—a)+amax(ZtanhM)<l, (48)
ieV \ ¢ 2
Jjev
then tn; satisfies
log|V|—logé
e (6) < | 281V Zlogd ] (49)
log(1/r)



Comparison of Annealing Policies
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Simulations
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Figure: Histograms obtained by using the e-SCA, SCA and Glauber dynamics, where N = 128.




Simulations

Success rate
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Table: Summary of the simulations

Success rate

Model =SCA SCA SA
Max-cut 85.9% 0% 7.52% 58.01%
Spin-glass 50.28% 40.82% 5.08% 40.72%




Table: Summary of the simulations

Success rate

Model =SCA SCA SA
Max-cut 85.9% 0% 7.52% 58.01%
Spin-glass 50.28% 40.82% 5.08% 40.72%

Let us consider the following Hamiltonian:

H(O’) = - Z J,'JU,‘UJ', (50)
{i.j}eE
where
P(Jij=1) = ps,
P(Jij=-1) =p-,
and

P(Jjj=0) =1-(p+ +p-).
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Simulations

Parameter space for the Max-Cut problem Parameter space for the Max-Cut problem

B :sca B scA
] oa o sA
O Te O e
a a
T T T T
08 10 08 10
P

(a) eSCA vs DA (b) SCA vs SA




Simulations
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® Prove rigorous results for exponential cooling schedules.
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® Prove rigorous results for exponential cooling schedules.

® Derive results that are not asymptotic, that is, consider finite time simulation.




Next goals

® Prove rigorous results for exponential cooling schedules.

® Derive results that are not asymptotic, that is, consider finite time simulation.

® Provide rigorous results for the e-SCA.
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® K. Yamamoto, et al. STATICA: A 512-Spin 0.25M-Weight Annealing Processor With
an All-Spin-Updates-at-Once Architecture for Combinatorial Optimization With
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Micrograph Specification Table
TSMC 40nm CMOS (LP)
Package QFN8O
TSHe Chip Size 3mm x 3mm
6snm ChOS.
SRAM: 3.55mm?
T2mm Core Area Logic: 1.48mm?
L Core Voo 0.8-1.1V.
) /0 Voo 3.3V
320MHz
336MHz@1.1V
saomw Max Fregency 1uun£u.w
336K Gate Count 1.2M Gates
[r—, srAM WMEM: 8Mb DMEM: 64Kb
E IMEM: 64Kb _Total: 8.125Mb

(a) STATICA chip (2021) (b) Amorphica chip (2023)
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Performance Comparison

1SSCC2021 VLSI2021 1SSCC2022 .
STATICA 46 JFS2-6 16.5 Amorphica
Technology 65nm CMOS | 40nm CMOS | 65nm CMOS | 65nm CMOS 40nm CMOS
Inter-Spin Couplings | Full/Complete | Local/Sparse | Local/Sparse | Local/Sparse | Full/Complete
#Spins / Replica 512 16K 560 256 or 1K 2K
#Replicas 1 1 1 1 4
#Couplings / Spin 512 8 8 28 or 7 2K
Weight Width 5bit 5bit 3bit 8bit 8bit
Multi-Chip Extension No Upto9 No Upto2 Uptod
Annealing Algorithm | SCA SA SA SA Metamorphic
Annealing
Operating Power 649mW NA 9.9mW@0.8V | 1.167mW 1@;11:5\_/4;;:&

,_.
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