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of MPS machine learning
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Tensor Networks
Fashion MNIST
Gene communities

Gradient descent —_

Two sites update:
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Matrix Product State (MPS)
Gradient descent
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=Y 1B(x.)) ® (F, — fip (%))
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Stoudenmire, Schwab, Supervised Learning with Tensor Networks, 2016
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Gene communities

Gradient descent —_

Matrix Product State (MPS)
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Stoudenmire, Schwab, Supervised Learning with Tensor Networks, 2016
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Features extraction in magnetization patterns
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Entanglement transition
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Dataset & workflow

. MPS classification
Gene communities

Hepatocellular carcinoma (HCC) classification

Expression Matrix ! B ) B Co-expression Matrix h | erarc h | Cal
genes ry= il = 1) Yos G — ) Clustering:

subjects

. S DS G
i Dt (= 1)\ 2y G — 1) 46 Stab|e
= g “ | communities
= Fiiii o C1,..., 048

Training set: GSE102079 Dataset 140 samples (83 HCC)
Independent set: GSE54236 Dataset with 161 samples (81 HCC)

# genes # genes # genes 7 genes

C8 | 28 | C17 | 26 | C29 | 48 | C35 | 31
C12 | 47 | C23 | 31 | C30 | 32 | C40 | 29
C14 | 31| C24 | 23 | C31 | 25 | C41 | 48
C15 25| C27 |36 | C32 | 35 | C42 | 33
C16 | 34 | C28 | 35 | C33 | 35 | C43 | 32

Lacalamita et al., Artificial Intelligence and Complex Network Approaches Reveal
Potential Gene Biomarkers for Hepatocellular Carcinoma, Int. J. Mol. Sci. 24 (2023)
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Tensor Networks
Fashion MNIST
Gene communities

Dataset & workflow
MPS classification
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Tensor Networks
Fashion MNIST
Gene communities

Biologically meaningful gene communities: C29

Dataset & workflow
MPS classification
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Tensor Networks
Fashion MNIST
Gene communities

Biologically meaningful gene communities: C41

Dataset & workflow
MPS classification
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Dataset & workflow

. MPS classification
Gene communities

Volume to sub-volume law entanglement transition

ilogS =¢q+clogi Right boundary: log S = ¢ + clog(N — i)

transition slope  transition R2 initial slope initial R2 final slope final R2 transition slope  transition R initial slope initial R2 finalslope final R2

cs 0.991 0.972 0.972 0.999 0.704 0.997 cs 0.686 0.995 0.938 0.997 0.630 0.999
c12 0.700 0.987 0.988 1.000 0.771 0.998 c12 1.004 0.972 0.974 0.999 0.761 0.996
cia 0823 0967 0969 0999 0602 0997 cia _ 0991 0934 0997 0597  0.99
ci1s 0656 0992 0971 0999 0640 0998 ci1s 0919 0991 0937 0997 0639 0997
c16 _ 0.982 0.970 0.999 0.606 0.995 c16 0.701 0.986 0.935 0.997 0.620 0.996
c17 0.595 0.997 0971 0.999 0.612 0.997 c17 0.835 0.977 0.937 0.997 0.626 0.998
c23 0.579 0.963 0.962 0.999 0628 0.998 c23 0.765 0.968 0.920 0.994 0.6M 0.997
c24 0611 0.943 0.890 0.989 0.570 0.999 c24 0728 0.981 0.794 0.973 - 0.995
c27 0.849 0.974 0972 0.999 0.754 0.998 c27 0.668 0.995 0.942 0.997 0.674 0.997
c28 0852 0989 0989 1000 0635 0999 c28 0670 0.987 0972 0999 0669 0998
c29 0.986 0.982 0.987 1.000 0.760 0.997 c29 0.714 0.966 0.972 0.999 0.759 0.999
c30 0.538 0.980 0972 0.999 0.564 0.996 c30 0.873 0.990 0.939 0.997 0.604 0.995
c31 0.602 0.982 0.970 0.999 061 0.997 Cc31 0.806 0.995 0.938 0.997 0.633 0.996
€32 0.789 0.989 0.971 0.999 0.575 0.993 Cc32 0.654 0.962 0.934 0.997 0.5666 0.998
c33 0.876 0.976 0.970 0.999 0.641 0.998 c33 0.961 0.918 0.936 0.997 0.620 1.000
€35 0.708 0.994 0.970 0.999 0.618 0.998 €35 0.766 0.989 0.939 0.997 0.604 0.996
cao _ 0971 0.979 0.999 0.557 0.999 cao 0.656 0.943 0.939 0.997 0.601 0.997
ca 061 0.979 0.989 1.000 0.757 0.997 ca 0726 0.965 0.973 0.999 0.769 0.993
0.956 0.970 0.999 0626 0.997 ca2 0.716 0.986 0.935 0.997 0631 0.996

0944 0971 0999 0634 0998 ca3 0701 0971 0935 0997 0612 0995

Domenico Pomarico, Quantum Computing @ INFN Grokking as entanglement transition 14/16



Tensor Networks
Fashion MNIST
Gene communities

New enriched gene sub-communities

C8 C12 C14 C15 C16 C17 C23 C24 C27 C28 C29 C30 C31 C32 C33 C35 C40 C41 C42 cC43
accuracy 0.60 0.63 0.58 0.68 057“0.73 068 0.68 060 067 0.71 0.65 065 061

0.69 0.53 059 063 0.63 0465-0.56 0.59 0.69 0.65

0.54 - 070 0.59 064 n 0.74 0.56

Dataset & workflow
MPS classification

sensitivity 057 0.56
specificity 0.60

Correlation: C§; = (<o§"g§J> — (0¥ <a§=f)) /g,(f,z, Cfi| < t,t€[0,1], step 0.1
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Tensor Networks

D ¢z workflow
Fashion MNIST CIEEEREL LI

MPS classification

Gene communities
New enriched gene sub-communities
C8 C12 C14 C15 C17| C23 C24| C27 [C28 C29 C30 C31|C32|C33 C35 C40 C41 C42|cC43

accuracy 0.60 0.63 0.58 0.57 |0.75 0.73 0.68 0.68| 0.60 | 0.67 071 0.65 0.65 | 0.61

sensitivity 057 0.56 | 0. 069 0.53|0.59 |0.63 0.63 0.65 056 [0.59 0.69 0.49 0.65
specificity 0.60 070 059|064 | 075 0.74 0.56
R ki k.j kjiy s ki ) |k
Correlation: C;; = ((az 0;’) —(a7') (07 )) /0> |Cijl <t,1€[0,1], step 0.1

cie c29 ca
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Dataset & workflow

. MPS classification
Gene communities

Conclusions

» Monitoring the allows us to identify critical
behaviors influencing generalization properties;

» MPS classifiers are able to manage high computational complexity
and highlight local magnetization for each “mask” trained per class;

» Grokking implies an entanglement phase transition, but the
viceversa does not hold true;

» Correlations allow us to identify gene sub-communities endowed
with enriched gene sets.
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. MPS classification
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Conclusions

» Monitoring the allows us to identify critical
behaviors influencing generalization properties;

» MPS classifiers are able to manage high computational complexity
and highlight local magnetization for each “mask” trained per class;

» Grokking implies an entanglement phase transition, but the
viceversa does not hold true;

» Correlations allow us to identify gene sub-communities endowed
with enriched gene sets.

Thank you!

Questions/Comments?
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Gradient descent

Two sites update:

Sj Sj+1 Sj Sj+1
single right step, leading to a when back at the initial sites pair.

Stoudenmire, Schwab, Supervised Learning with Tensor Networks, 2016
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Jese iy

- l.a; ~
=3 BUST R )

8j58j41 Aj—1,dj4+1
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Gradient descent

Two sites update:

Sj Sj+1 Sj Sj+1
single right step, Ieading toa when back at the initial sites pair.

T@ Slesie

Baj 1,5 a/+1 ( )Sj,Sj+1 >
SjySj+1 aj—1,dj+1
8j58j41 Aj—1,dj4+1

Nr
AB' Z@ x )OO, —fiy(x.)) = BY=B+aAB

Stoudenmire, Schwab, Supervised Learning with Tensor Networks, 2016
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Measured observables

» Reduced
density matrix:

¢ ¢
—o0- (4 4
%10 911
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Binary sneaker classifications entropies

S(i)

8
4.0
7 2l
64 35
1 —_ — 3.0 —— sneaker vs trouser, acc = 0.95
5 =34 = — <neaker vs dress, acc = 0.88
S = o5 —— sneaker vs bag, acc = 0.8

4 [V, wn —— sneaker vs shirt, acc = 0.79
— sneaker vs Tshitt, acc = 0.78

34 24 2.04 —— sneaker vs pullover, acc = 0.76
—— sneaker vs coat, acc = 0.68

21 154 —— sneaker vs ankle boot, acc = 0.59
— sneaker vs sandal, acc = 0.47

14 14 1.01 —— sneaker vs sneaker, acc = 0.27

7 14 21 28 35 14 21 28 35 7 14 21 28 35

6l 3.0

5 2.5

21 2.0

34 S 154

V)

21 1.0

11 0.54

0 0.04

7 14 21 28 35 14 21 28 35 7 14 21 28 35

i (features)
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Entanglement transition

»n 10714
]
=
Q 10731
c
S 10-5
T 107> 1
£ 1074
Q
50 55 60 65 70
# sweep
. final
102 4 1024 .trlar.15|t|on 1024
initial
-
C
3
O 10t 101 5 10 4
100 - J 10° 4 n 10° 4

0.00 0.01 0.02 0.03
owz) eigenvalues

0.00 0.01 0.02 0.03
Pooinp2)Po eigenvalues
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Fake classification sneaker vs sneaker with coherence

Qi) eigenvalues

i (features)

10

08

—aceuracy waining set

0.6

0.4

40 60 100
# sweep

30

35 40 a5 50
# sweep
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= final
102 102 transition | 0
initial
€
3
S 10t 10! 10!
10° y .M 10° ml 1004w ‘“u
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Hepatocellular carcinoma (HCC) classification

Cluster piot

GSE102079
Dataset - Cluls:;r 1 Clus;er 2
257 Samp|eS Peritumoral
(1 52 HCC) HCC 20 132
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Hepatocellular carcinoma (HCC) classification

samples

Cluster piot

GSE102079
Dataset
257 samples
(152 HCC)

Step 1
Hierarchical
community

detection

om1(7%)

Expression values
b skidamates

1
!
1
1

Comm_1

:  Comm_2
3

H
3 Comm.N
:
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Grokking as entanglement transition

Cluster 1 Cluster 2
Normal + 100 5
Peritumoral
HCC 20 132
Step 2 ifi i
Filtering Classification CI aSS If |Cat| o n
(40%)
; Boruta
: Boruta
h HCCvs Ctrl
Classification
Boruta
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MPS correlations for gene community C23
Optimal permutation of features:

i kj i j
(o' oy!) — (o) (o))
©)
Ok k

label 1 projection of correlations

k

label 0 projection of correlations

0 0

5 5

10 10

k
~ 15 — 15 |CIJ‘ > 05
20 20
25 25
30 30
0 10 20 30 0 10 20 30

Decreased bond dimension: 400 — 300, still showing magnetization after
~ 30 sweeps
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Volume to sub-volume law entanglement transit

initial transition final
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@
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151 — as
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\
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[TEIELT]
38280008
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\
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Eigenvalues evaporation and correlations

C29

@ 107!
4
S
T 107
2
§ 105
g
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5 10
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S 199
30 35 a0
# sweep
3 s 3
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transition
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€
5
8
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000 002 004 000 002 004 000 002 004
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Eigenvalues evaporation and correlations

C29

i (features)
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