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Introduction

v We consider a Quantum Random Walker on a complex graph
» perturbed by noise
v/ Discriminate quantum noise, by measuring only walker populations

» Support Vector Machines
» Recurrent Neural Networks

v/ The dynamic parameters are crucial to the classification capacity

» short evolution time / high frequency — easy
» long evolution time / low frequency — hard

v Over 90% accuracy in classification between

» two |ID noises 
» two coloured noises / easier
» one IID VS one coloured noises
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Setting definition
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Setting definition
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Example

v/ Example of populations with t;5 = 0.1 v/ Example of populations with t;5 = 1
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Supervised Learning

Model
y=1f(x6,¢)

v/ f non-linear function parametrized with

» parameters 6 (modified during training)
» hyperparameters & (define different configurations)
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Learning

Target

6" = argmin Lp(6, )
0

Theoretical risk function

LD(G? 5)

= Egoy)on [ (F(x: 0,€).y)]

v D is unknown
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Learning |l

Target
0" = argmin Ls(6,¢)
0

Empirical risk function

Ls(0,€) = > L(F(x:0,€),y)

l | (x.y)eS

v S={(x1,y1),-.-,(xn,yn)} training dataset
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Target
0" = argmin Ls(6, &)
0

Empirical risk function

(9£—E > L(F(x:0,€),y)

(x.y)eS

v S={(x1,y1),--.,(Xn,yn)} training dataset
v Monitor Ls/(0,&) on validation set " # S

» Detect overfitting
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Learning |l

Target
0" = argmin Ls(6, &)
0

Empirical risk function

(9£—E > L(F(x:0,€),y)

(x.y)eS

v S={(x1,y1),---,(Xn,yn)} training dataset
v Monitor Ls/(0,&) on validation set " # S

» Detect overfitting
» Tune hyperparameters ¢

v Report Lsi(0,€) (and metrics) on test set S” # S # S
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Support Vector Machines
T2A
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Multi Layer Perceptron
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Multi Layer Perceptron
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h[0] = x
h[l] = o (WIT - hl/ - 1] + b]1])
§ =h[L]
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Loss

Categorical Cross Entropy

O
0(§,y) == yWlog yU)

j=1

v Common used in classification tasks
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Loss

Categorical Cross Entropy

O
0(§,y) == yWlog yU)
=

¢/ Common used in classification tasks
¢/ Measure distance between two probability distributions

» ¥ needs to be a probability distributions
» obtained with softmax function:

o(z) =
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Optimization

Stochastic Gradient Descent

;i = 0i—1 —nVols,(0i-1,&)
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Optimization

Stochastic Gradient Descent

;i = 0i—1 —nVols,(0i-1,&)
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v/ 1 is the learning rate
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Optimization

Stochastic Gradient Descent
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v S, is a minibatch

;i = 0i—1 —nVols,(0i-1,&)
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Unidirectional Recurrent Neural Network (RNN)

X1 X2 s Xr

v/ Used on sequential data
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Unidirectional RNN

O*) r L r k,,hg,» ,,l!T:];,, r L
< . e — O
L

v’ Used on sequential data
v’ Processed iteratively by non-linear function r

> r parametrized with shared set of weights 6,
> h; sort of memory
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Unidirectional RNN

Ch h h,. h,
O*) r —1> r k,,g,» ,,,,];,, r f : 9
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Xl X2 o o o XT

h: = f(Xt,ht—l; 9r)
y = f(h;; 6f)

<
I

v’ Used on sequential data
v’ Processed iteratively by non-linear function r

> r parametrized with shared set of weights 6,
> h; sort of memory

v h, representation of all the sequence
> In classification h; can be processed by MLP f
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GRU/LSTM

RNN
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GRU/LSTM

RNN LSTM
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Bidirectional RNN with aggregation

X1 X2 . e Xr
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Bidirectional RNN with aggregation
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Bidirectional RNN with aggregation
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Bidirectional RNN with aggregation
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Bidirectional RNN with aggregation
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Aggregation

Standard
a=h[L] & hy[L] J
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Aggregation

Standard
a = h[L] ® hy[L]

Max pooling

ur = he[L] & he[L]

al) = max ugj)
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Aggregation

Attention mechanism

Standard
a = he[L] @ hy[L] ue = he[L] @ h[L]
v; = tanh (WT -uy + b)
Max pooling e
Qr = —
h (V"C>
u: = ht[L] D ht[l_] J:Zl @\

al) = max ugj)

-
y a= Zatut
t=1

Stefano Martina (University of Florence) 15 December 2020 16



Results

Stefano Martina (University of Florence) 15 December 2020 17



Results

IID NM VS | IID NM VS

Stefano Martina (University of Florence) 15 December 2020 17



Results

IID NM VS | IID NM VS

SVM
Prys MLP

Stefano Martina (University of Florence) 15 December 2020 17



Results

IID NM VS | IID NM VS

SVM

Prys MLP
SVM
GRU
LSTM

P, b!—GRU

o bi-LSTM

P bi-GRU-att

ti5 .

bi-LSTM-att
bi-GRU-max
bi-LSTM-max
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Results

ti5 = 0.1 tis =1
ID NM VS | ID NM VS
SVM 97.0 823 965
Py MLP 96.9 80.7 96.6
SVM 96.4 80.1 963
GRU 96.5 91.5 96.7
LSTM 96.8 90.4 96.4
Py,  bi-GRU 96.6 922 96.6
bi-LSTM 96.7 89.7 96.5
p, ~ birGRU-att 970 916 96.1
bi-LSTM-att 969 87.9 96.3
bi-GRU-max  96.6 92.6 96.6
bi-LSTM-max 966 91.4 96.3
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Results

ti5 = 0.1 tis =1

ID NM VS | ID NM VS

SVM 97.0 823 965|503 51.2 495

Py MLP 96.9 80.7 96.6 | 495 50.7 502
SVM 964 801 963|736 619 750

GRU 96.5 915 96.7 | 905 73.3 88.2

LSTM 96.8 90.4 96.4 | 886 70.3 863

Py,  bi-GRU 96.6 922 96.6 | 91.0 746 90.6
bi-LSTM 96.7 89.7 965|908 706 87.2

p,, ~ birGRU-att 970 916 961|909 734 87.9
bi-LSTM-att 969 87.9 96.3|89.0 716 87.4
bi-GRU-max 966 92.6 96.6 | 91.8 76.1 90.4
bi-LSTM-max 966 914 063|914 749 89.0
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¢/ Paper in submission: Stefano Martina, Stefano Gherardini and Filippo Caruso. Machine learning approach
for quantum non-Markovian noise classification
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