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Outline

• Quantum AI


• Quantum Variational Circuits


• Quantum Binary Classification for Micro-Organisms using Raman 
Spectroscopy



Major Emerging Technologies to the Field

The Generative AI 
• ~$400 Billons investment from 

Alphabet, Amazon, Apple, Meta, 
and Microsoft (Economist) 
• Expected to increase the global 

GDP by 7% (Goldman Sachs) 
• AI has hacked the operating 

system of humans (Yuval Harari)

Quantum Computing 
• It can make computers 

exponentially faster 
• And has exponentially less 

memory 
• Quadratic better sensing 

accuracy 
• Provides ‘true’ secure 

communication 
• They do exist!



Variational Quantum Circuits

• Hybrid classical-quantum computing


• Is showing promise in decreasing the 
number of trainable weights


• Still not well-explored 

cc: Ketulmehta22



Raman Spectroscopy

• Invented by R. C. Raman in 1928


• The vibration of molecules affects the 
scattered light (Vibration spectroscopy)


• Can identify molecules



MicrobioRaman

• An open-access 
repository


• It includes ~7 
different datasets 
for 
microbiological 
samples

Lee, Kang Soo, Zachary Landry, Awais Athar, Uria Alcolombri, Pratchaya Pramoj Na Ayutthaya, David Berry, Philippe de Bettignies et al. 
"MicrobioRaman: an open-access web repository for microbiological Raman spectroscopy data." Nature Microbiology (2024): 1-5.



Dataset Generation

• We have used 5 datasets:


• Chaetoceros-affinis


• Methanosuratincola-verstraetei


• Polyhydroxybutyrate


• Vibrio-alginolyticus


• Escherichia-coli ( our target )

Richard A. Ingebrigtsen, Department of Aquatic Biosciences - University of Tromsø Licensed by Google

Photo byfkfkrErbe, digital colorization  
by Christopher Pooley, both of USDA, ARS, EMU
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Dataset Generation: Preprocessing

• Baseline subtraction


• Range reduction as not all data have the 
same domain


• 410 - 3200 -> 410 - 1799 


• Normalize so that the intensity vector has a 
unit length



Dataset Generation
• We have 5 spectra 


• We randomly mix that data such that:


• Each bacteria is present 50% of the time


• When present, the weight is uniformly distributed from 0+ to 100%


• We then label each record as 1 if E.Coli is present, otherwise 0


• We generate 10,000 samples



Variational Quantum Circuit Design

• ZZFeatureMap


• RealAmplitude (no complex part) 
Ansatz


• Depth 12


• Full entanglement 


• Used 5 qubits


• Binned the data into 5 bins

┌───┐┌────────────────┐ 
┤ H ├┤ P(2.0*φ(x[0])) ├──■───────────────────────────■─────────────────────────────────── 
├───┤├────────────────┤┌─┴─┐┌─────────────────────┐┌─┴─┐ 
┤ H ├┤ P(2.0*φ(x[1])) ├┤ X ├┤ P(2.0*φ(x[0],x[1])) ├┤ X ├──■───────────────────────────■── 
├───┤├────────────────┤└───┘└─────────────────────┘└───┘┌─┴─┐┌─────────────────────┐┌─┴─┐ 
┤ H ├┤ P(2.0*φ(x[2])) ├─────────────────────────────────┤ X ├┤ P(2.0*φ(x[1],x[2])) ├┤ X ├ 
└───┘└────────────────┘                                 └───┘└─────────────────────┘└───┘

     ┌──────────┐          ┌──────────┐                      ┌──────────┐ 
q_0: ┤ RY(θ[0]) ├──■────■──┤ RY(θ[3]) ├──────────────■────■──┤ RY(θ[6]) ├──────────── 
     ├──────────┤┌─┴─┐  │  └──────────┘┌──────────┐┌─┴─┐  │  └──────────┘┌──────────┐ 
q_1: ┤ RY(θ[1]) ├┤ X ├──┼───────■──────┤ RY(θ[4]) ├┤ X ├──┼───────■──────┤ RY(θ[7]) ├ 
     ├──────────┤└───┘┌─┴─┐   ┌─┴─┐    ├──────────┤└───┘┌─┴─┐   ┌─┴─┐    ├──────────┤ 
q_2: ┤ RY(θ[2]) ├─────┤ X ├───┤ X ├────┤ RY(θ[5]) ├─────┤ X ├───┤ X ├────┤ RY(θ[8]) ├ 
     └──────────┘     └───┘   └───┘    └──────────┘     └───┘   └───┘    └──────────┘



Entanglement Type
• Full: all pairs


• Linear: i with i+1


• Reverse-Linear: linear but in reverse order


• Pairwise: all even i with i+1, and then all odd 
i with I+1 

• Circular: Linear by with ends connected 


• Shifted Circular Alternating: first-last 
connected, shifted, and control/target 
alternates at each layer

Reverse-Linear

Circular

SCA



Optimisers

• Constrained Optimization By Linear Approximation optimizer (COBYLA)


• Limited-memory Broyden-Fletcher-Goldfarb-Shanno Bound (L-BFGS-B)


• Iterative


• Solves unconstrained, non-linear optimisation problems


• Identifies the steepest decent direction



Feature Mapping
• For the feature vector 


• 


• 


• Havlíček, V. et al. Supervised learning with 
quantum-enhanced feature spaces. Nature 
567, 209–212 (2019).

⃗x ∈ ℝn

LETTERRESEARCH

To test our two methods, we generate artificial data that can be  
fully separated by our feature map. We use the map for n = d = 2 
qubits in Fig. 1b with !{i}(x) = xi and φ π π= − −x x x( ) ( )( ){1,2} 1 2 . We 
generate the labels for data vectors x ∈ T ∪ S ⊂ (0, 2π]2, by first choosing 
f = Z1Z2 and a random unitary V ∈ SU(4). To vary the distribution of 
the data in the experiments three different unitaries were chosen at 
random. Once a unitary is fixed we sample the data points x and assign 
m(x) = ±1, when Φ Φ ∆| | ≥x f xV V( ) ( )†  and m(x) = −1 when 
Φ Φ ∆| | ≤ −x f xV V( ) ( )†  ; see Fig. 3b. The data has been separated by 

a gap of ∆ = 0.3. For each unitary, multiple training sets and classifi-
cation sets each consisting of 20 data points per label were chosen  
uniformly at random. We show one such classification set as circle  
symbols in Fig. 3b.

The first classification protocol, quantum variational classification, 
follows four steps. First, the data x ∈ Ω is mapped to a quantum state 
by applying the feature map circuit ΦU x( ) in Fig. 1b to ∣ ⟩0 n. Second, a 
short-depth quantum circuit W(θ), described in Fig. 2b, is applied to 
the feature state. This circuit with l layers is parameterized by 

Rθ ∈ +n l2 ( 1) and will be optimized during training. Third, for a two- 
label y ∈ {+1,−1} classification problem, a binary measurement {My} 
diagonal in the Z-basis is applied to the state θ |ΦUW( ) 0x

n
( ) . Any meas-

urement of this form can be written as = +− fM y2 (1 )y
1 , when 

∣ ⟩⟨ ∣= ∑ ∈f f z z z( )z {0,1}n   for some Boolean function → + −f : {0, 1} { 1, 1}n   .  
This is implemented by measuring in the Z-basis and applying f to the 
output bit-string. The probability of obtaining outcome y is 

θ θΦ Φ= | |x x xp W M W( ) ( ) ( ) ( ) ( )y y
†  . Fourth, for the decision rule we 

perform R repeated measurement shots to obtain the empirical  
distribution xp̂ ( )y . We assign the label =∼ xm y( ) , whenever 

> −−x xp p ybˆ ( ) ˆ ( )y y , where we have introduced an additional bias 
parameter b ∈ [−1, 1] that can be optimized during training.

The feature map circuit ΦU x( ), as well as the Boolean function f, are 
fixed choices. During the training of the classifier we optimize the 
parameters (θ, b). For the optimization, we need to define a cost func-
tion. For a single training sample we use the error probability 

≠∼ x xm mPr( ( ) ( ))  of assigning the wrong label from the empirical  
distribution with R shots. We optimize the empirical risk θR ( )emp  given 
by the error probability averaged over the full training set T. 
See Supplementary Information for details.

The experiment itself is split into two phases; First, we train the clas-
sifier and optimize (θ, b). We have found that Spall’s simultaneous 
perturbation stochastic approximation (SPSA)22,23 algorithm performs 
well in the noisy experimental setting. We can use the circuit as a clas-
sifier after the parameters have converged to (θ∗, b∗). Second, in the 
classification phase, the classifier assigns labels to unlabelled data  
s ∈ S according to the decision rule ∼ sm( ).

We implement the quantum variational classifier W(θ) for five  
different depths (l = 0 to l = 4) (see Fig. 2b), on the superconducting 

quantum processor. We expect a higher classification success for 
increased depth. The binary measurement is obtained from the parity 
function f = Z1Z2. For each depth we generate data from three different 
random unitaries. We use training sets consisting of 20 data points per 
label. The data from one of these unitaries, together with a training set, 
is shown in Fig. 3b.

The optimization of the empirical risk Remp(θ) is shown in Fig. 3a for 
two different training sets and depths. In all experiments throughout 
this work we implemented an error mitigation technique that relies on 
zero-noise extrapolation to first order10,24. To obtain a zero-noise esti-
mate, a copy of the circuit was run on a timescale slowed down by a 
factor of 1.5; see Supplementary Information. This technique is 
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Fig. 1 | Quantum kernel functions. a, Feature map representation for a 
single qubit. A classical dataset in the interval Ω = (0, 2π] with binary 
labels (a, right) can be mapped onto the Bloch sphere (red and blue lines) 
by using the non-linear feature map described in b. For a single qubit 

=ΦU Zx x( )  is a phase-gate of angle Ω∈x . The mapped data can be 
separated by the hyperplane given by normal w. States with a positive 
expectation value of w receive a [+1] (red) label, while negative values are 

labelled [−1] (blue). b, For the general circuit ΦU x( ) is formed by products 
of single- and two-qubit unitaries that are diagonal in the computational 
basis. In our experiments, both the training and testing data are artificially 
generated to be perfectly classifiable using the feature map. The circuit 
family depends non-linearly on the data through the coefficients φ x( )S  
with ∣ ∣ ≤S 2. c, Experimental implementation of the parameterized 
diagonal single- and two-qubit operations using CNOTs and Z-gates.
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Fig. 2 | Experimental implementations. a, Schematic of the  
five-qubit quantum processor. The experiment was performed on  
qubits Q0 and Q1, highlighted in the image. b, Variational circuit used  
for our optimization method. The two top qubits depict the circuit 
implemented. We choose a common ansatz for the variational unitary 

θ θ θ θ= …W U U U U U( ) ( ) ( ) ( )l
lloc

( )
ent loc

(2)
2 ent loc

(1)
1

16,17. We alternate layers of 
entangling gates = ∏ ∈U i jCZ( , )i j Eent ( , )  with full layers of single-qubit 
rotations θ θ= ⊗ =U U( ) ( )t

t i
n

i tloc
( )

1 ,  with θ ∈U( ) SU(2)i t, . For the entangling step 
we use controlled-Z phase gates i jCZ( , ) along the edge (0, 1) of the interaction 
graph E of the superconducting chip. The grey background illustrates the 
scaling to a larger number of qubits. c, Circuit to directly estimate the fidelity 
between a pair of feature vectors for data x and z as used for our second 
method. The circuit on Q0, Q1 depicts the circuit implemented, while the grey 
background illustrates the general structure of the circuit. The circuit is 
comprised of Hadamard gates H interleaved with the diagonal unitary Uφ(x) 
parameterized by φS(x) to directly estimate the fidelity between a pair of 
feature vectors for data x and z as used for our second method.
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Results
Default 

Default <50%

Full Entanglement 65%

Optimizer L_BFGS_B 71%

Normalizing Features to be from 0 to 2pi 82%



Training Loss



Conclusions

• The number of parameters is in the order of 10s, whereas the classical is 
in the order of 100,000s


• There is a strong potential, especially for quantum data, in material 
science, biochemistry, and high-energy physics 


• Can potentially make a sea-change in data science
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Thank You 
شكرا جزيلا


