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Quantum neural network



Quantum variational classifier

.


.


.

U(x) V(θ) }z1

z2

z3

⋮

zn

f(z) ∈ C



Linear neural network
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Quantum neural networks
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Source:Schuld, Maria, et al. "Circuit-centric quantum classifiers." Physical Review A 101.3 (2020): 032308.



Classical optimisation



Classical neural networks
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Classical neural networks
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Classical neural networks
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Classical neural networks
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Resource: https://www.jeremyjordan.me/neural-networks-training/



Gradient descent 
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Vanishing and exploding gradients



Classical neural networks
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Classical neural networks
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Classical neural networks
• Gradient clipping 
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Classical neural networks
• Gradient clipping 

• Weight regularisation 



Classical neural networks
• Gradient clipping 

• Weight regularisation 

• Avoiding certain activation functions 



Classical neural networks
• Gradient clipping 
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Classical neural networks
• Gradient clipping 

• Weight regularisation 

• Avoiding certain activation functions 

• Redesigning the network 

• Residual networks



Quantum neural networks
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Source:Schuld, Maria, et al. "Circuit-centric quantum classifiers." Physical Review A 101.3 (2020): 032308.



Gradient descent
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Barren plateaus



Random initialisation
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If  is initialised randomly, gates are drawn randomlyθ

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.
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Random initialisation

|0⟩

Ry(π/4)|0⟩

|0⟩

|0⟩

|0⟩

Ry(θ1)

Rx(θ2)

Rz(θ3)

Rx(θ4)

Rx(θ5)

Rx(θ6)

Rz(θ7)

Ry(θ8)

Rz(θ9)

Rz(θ10)

If  is initialised randomly, gates are drawn randomlyθ

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.

Ry(π/4)

Ry(π/4)

Ry(π/4)

Ry(π/4)



Random initialisation
If  is initialised randomly, gates are drawn randomlyθ

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.
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Random initialisation
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Random initialisation

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.

If  is initialised randomly, this can cause problems in 
variational circuits 
The variance of the gradient of the loss function vanishes 
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Random initialisation

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.

If  is initialised randomly, this can cause problems in 
variational circuits 
The variance of the gradient of the loss function vanishes 
Gradients become concentrated around zero 
Require greater precision to estimate the gradients which 
removes quantum advantages
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Barren plateaus

Source: McClean, Jarrod R., et al. "Barren plateaus in quantum neural network training landscapes." Nature communications 9.1 (2018): 1-6.

If  is initialised randomly, this can cause problems in variational circuits 
The variance of the gradient of the loss function vanishes 
Gradients become concentrated around zero 
Require greater precision to estimate the gradients which removes quantum advantages
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Methods to try avoid barren plateaus



Introduce structure into the circuit (encoding with data) or initialising layers to the identity  
Grant, Edward, et al. "An initialization strategy for addressing barren plateaus in parametrized quantum 
circuits." Quantum 3 (2019): 214. 
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The Hessian matrix 

Methods to try avoid barren plateaus
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The Hessian matrix 

Methods to try avoid barren plateaus
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Loss landscape of quantum models

Source: Huembeli, Patrick, and Alexandre Dauphin. "Characterizing the loss landscape of variational quantum circuits." arXiv preprint arXiv:2008.02785 (2020).



Introduce structure into the circuit (encoding with data) or initialising layers to the identity  
Grant, Edward, et al. "An initialization strategy for addressing barren plateaus in parametrized quantum 
circuits." Quantum 3 (2019): 214. 

Use a local cost function 
Cerezo, M., et al. "Cost-function-dependent barren plateaus in shallow quantum neural networks." arXiv 
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Loss landscapes

Image source: Li, Hao, et al. "Visualizing the loss landscape of neural nets." Advances in Neural Information Processing Systems. 2018.



Jump to the code
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