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Recurrent neural network quantum states
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[O. Sharir et al., PRL 124 (2020)]
[M. Hibat-Allah et al., PRR 2 (2020)]

* RNN cell: NV, hidden units,
variational parameters %'
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} Recurrent neural network quantum states

* RNN cell: NV, hidden units,
variational parameters %'

* RNN encodes squared
wavefunction amplitudes
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! Recurrent neural network quantum states

[O. Sharir et al., PRL 124 (2020)]
[M. Hibat-Allah et al., PRR 2 (2020)]

—> |¥;,) = 00000 000®)

* RNN cell: NV, hidden units,
variational parameters %'

* RNN encodes squared
wavefunction amplitudes

* Qubit samples: projective
measurements

Y (o)| =~ \‘Pw(a)\ =PrNNG W) = HPRNN(Gi\Gi—v---"’vW) e Training: minimize energy

expectation value (E)

NS 6~PraN(G; ) <O- | \PW>
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Kyle Sprague

e Attention: trained
connections to all

Sample [Py a',-_1|a'§,'_2] Sample | Py [a';|a'§,~_1] Sample

o S W Softmax € N\ Softmax. elements
L T Add & Norm < Add &| Norm Add & Norm <
: ( Feed-Forward Layers * ( Feed-Forward Layers ( Feed-Forward Layers ) _

A A : A ~+» Wave function encoded

Add &| Norm : Add &| Norm \ Add &l Norm <= . .
-4 SelfAttentic similar to RNN
Q AK AV Q AK AV
...... ; |t|ona| Encodmg \ Peditior )Encodmg F— 3 mrrun
Input Embedding ) ( Input Embedding ) ( Input Embedding )
1 ‘ 1 : 1
O __ O _ O

g;-2 A g;—-1 ag;

o [SC, K. Sprague, arXiv:2306.03921 (2023)]
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Transformer quantum states
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— — - —  —

3 X 8 16 X 16

[(E) — Hamc|

0 10000 20000 O 10000 20000
Training iterations

» (E): Energy evaluated on 512 neural
network samples

o RNN
o TF
-= QMC uncertainty

——— Below QMC energy

(absolute value shown)

QY <
» Hgypic: Energy evaluated on 7 X 10 i=1 =1
quantum Monte Carlo samples O—5=1 V, =

Stefanie.Czischek@uQOttawa.ca ‘

r‘_r" P
S uOttawa




— — W= —

. — =3 —~»
— —— T, =R e === - ~—= T o~ —— e, — = = =
— e~ e - 3 e —— = = =

———— = — — Pr— = _— =2 — - ——

e B 3 s — = e

—_—— —

| Performance comparison

8 X 8 16 X 16

- ) ) o RNN

IZE’, > TF

| 8 —~ QMC uncertainty
m ———Below QMC energy
~ ) (absolute value shown)

0 10000 20000 O 10000 20000
Training iterations
» (E): Energy evaluated on 512 neural  Transformers outperform RNNs

network samples

. Q - Al
» Hgypic: Energy evaluated on 7 X 10 i=1 =1 i
quantum Monte Carlo samples O—5=1 V= /

6
L \r. —r;] o
l
Stefanie.Czischek@uQOttawa.ca J UOttawa




— — W= —

———— = — — pr—

- "‘ = - = = _
% >3 = = =
‘4
E:
ip
.

P 7
3 ;:ﬂ
:;
23
R &
5
&5}
3

—r —2a— —
—— 7-’ _ —— T - = =_——

mance comparison Total runtime for 2 x 10*

iterations

_ o RNN
IZE’, > TF
| 8 —~ QMC uncertainty
m S ——— Below QMC energy
~ ) (absolute value shown)
0 10000 20000 0 10000 20000
Training iterations
» (E): Energy evaluated on 512 neural  Transformers outperform RNNs

network samples
 But at a high computational cost...

» Hqyc: Energy evaluated on 7 x 10%
quantum Monte Carlo samples We cannot scale to larger system sizes!
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| Patched neural network a

Transformer variational wave functions for frustrated quantum spin systems

Luciano Loris Viteritti, Riccardo Rende, Federico Becca

Towards Neural Variational Monte Carlo That Scales Linearly with System Size

Or Sharir, Garnet Kin-Lic Chan, Anima Anandkumar

Investigating Topological Order using Recurrent Neural Networks
Mohamed Hibat-Allah, Roger G. Melko, Juan Carrasquilla

e Input patch of 2 X 2 atoms

o Sample from output probability
over 2(%%?) states
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Transformer variational wave functions for frustrated quantum spin systems R GRELELLLE

Luciano Loris Viteritti, Riccardo Rende, Federico Becca T F O O

Towards Neural Variational Monte Carlo That Scales Linearly with System Size

Or Sharir, Garnet Kin-Lic Chan, Anima Anandkumar

Investigating Topological Order using Recurrent Neural Networks
Mohamed Hibat-Allah, Roger G. Melko, Juan Carrasquilla

Softmax
° |nput patch of 2 X ? atoms s ' T
o [ Feed-Forw.ard Layers )
« Sample from output probability A |
2(2)(2) Add &| Norm
over |

states

e Sequence length divided by four

( Input Embedding )
* | ocal correlations directly encoded '
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Large, patched transformers

¥ e Larger input patches

— S —~

o Shorter runtimes PYe)

« Comparable accuracies

Softmax

...........................................................................................................................

Add & Norm

Sample | pTF [a'f.i)l ‘0'(52), W]

(

Feed-Forward Layers

:

A

Add &|Norm
Masked Self-Attention

<%

Output dimension scales exponentially

Positional

with the patch size! (

)
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Comparable accuracies

Use an additional RNN to break
down patch size

Gain power of transformer on
large patches

« Efficient RNN reduces output
size
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-= QMC uncertainty
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Training iterations

RNN sub-patch
Input patch

Reasonable runtimes and high accuracies!
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» Patch too large: RNN expressivity
limited and amount of information
Increased

e Accuracies below QMC uncertainty
below p = 8 X &
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» Patch too large: RNN expressivity

© . . . .
limited and amount of information
o Increasea
1073 :
= __________________.:.ql_CD_.CD____Gl _______
i |, o © ij ! » Accuracies below QMC uncertainty
e L0 (W' ON=12x 12 bel — 8 X 8
~ @9 © CF : T X eloOwW p —_— X
107" ¢ o . O N =16 x 16
O . O N =24 x24 :
¢ | ON—32x 3 e Run times saturate for large
® N =40 x 40 patches (implementation detail)
10-5-0 & o -= QMC uncertainty
__ [A
&50-
= A -
g 2bro N O \4 7
£ 8888 .9904%8 .5, "gV
R ERHNEEEEEEEE
“ o+ 9 © X X g e X X X X X X X X
Patch size p ” -

Stefanie.Czischek@uOttawa.ca U Ottawa




— — W= —_—

———— = — — Pr— = i e T —— —_

= A D — —_— ——— . -

—— > -
= e ——— A — _ap AR ol —
= == = —_— =
iyt
[ [ |
é;
;f
o3 .
R
L . %G
B
T
- [ J

R °

P

B > - - = -—
— —_ ——— = - = -—
— = pr— . — —

» Patch too large: RNN expressivity

© . : .
limited and amount of information
o Increasea
1077 ‘o .
e Qg = — - . .
i, o ¢ : : ! » Accuracies below QMC uncertainty
| o ¢ y o T O N =12 x 12 bel = 8 X &
~ e e | ® : >N =12 x elow p = o X
5.1_/10 4 | 0 . ©® N =16 x 16
o . O N =124 x24 :
¢ e N33  Run times saturate for large
® N =40 x 40 patches (implementation detalil)
10-5-0 & > - -= QMC uncertainty
pr— A ] °
.50 - Choosing patches around
£ A @ -
g5re N p = 8 X 8, we can model immense
© 98 888 , 004 8 8 T oa 7 . . .
I EEREEEEREEEERE: system sizes at high accuracies
X XXX ‘>_|< ‘>_|< X X X X X X ‘>_'< X ‘>_l< ‘>_I<
¢¢¢©¢¢©wv©wwgwgg and low costs!
Patch size p

Stefanie.Czischek@uOttawa.ca U Ottawa




— =
d‘%_a* _— = — = — e —— = —— e

- —

———— = — — pr—

— —_ R — R — =

— anp 2 —— — —— — — —_ -
— =l === — — = —= — B e p——— — e~ e s — —

mmary

T—
‘VW

= = =
S
g
«3
P -
3 ;:ﬁ
‘;;
s
23 .
5
R 2 4
ET
e
¥ I
3

—— = — — e T—_— —

[SC, K. Sprague, arXiv:2306.03921 (2023)]
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~ « Considering patches of atoms leads to kg G0 gl t?
higher accuracies and shorter runtimes hivis |
051)1,2_> 051)1,3
* The large, patched transformer shows hipie |
remarkable results beyond state-of-the- ) —>(RNN }—> o'V,

art simulations

e Combines transformer and RNN

 The approach can be used for arbitrary
qubit systems

« The chosen transformer models are still LTS N N N
Sma” o a < , 0-(41)0-(42)
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