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Quantum Machine Learning1
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Overparametrized QNNs
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A QNN is overparametrized if 
 


does not increase when adding parametrized 
operations

#x [rank (ℱx(θrand))]

 is the Quantum Fisher Information Matrix 

 Hessian of fidelity w.r.t. parameters

ℱx
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Computational phase transition 
In the cost landscape

IMPROVED TRAINABILITY

B. T. Kiani et al., arXiv:2001.11897 (2020)
J. Liu et al., PRL 130, 150601 (2023)



Generalization
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Best case scenario

Generalization and Overfitting

5

Test 
Training

Error

Iterations



Best case scenario

Test 
Training

Error

Iterations

Overfitting

Generalization and Overfitting

5

Test 
Training

Error

Iterations



Best case scenario

Test 
Training

Error

Iterations

Overfitting

Generalization and Overfitting

5

Test 
Training

Error

Iterations

High generalization gap witnesses 

OVERFITTING

Learn the NOISE in the data !



Classical Dropout
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Randomly remove neurons in 
OVERPARAMETRIZED NNs

TRAINING

N. Srivastava, et al., Journal of Machine Learning Research (2014) 



Classical Dropout
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Randomly remove neurons in 
OVERPARAMETRIZED NNs

TRAINING

Employ the whole NN with 

rescaled weights

θtest = (1 − pdrop)θtrain

TEST

N. Srivastava, et al., Journal of Machine Learning Research (2014) 



Quantum Dropout
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Randomly remove unitaries 
during training in 

OVERPARAMETRIZED QNNs



Different strategies
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ROTATION dropout ENTANGLING dropout1

GROUP dropoutINDEPENDENT dropout



Dropout scheme
At each training step
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Randomly select layers 

in QNN ansatz (pL)1
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Optimization step:

 update the parameters3
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The circuit changes  
at each training step!

F. Scala, et al., A General Approach to Dropout in Quantum Neural Networks, arXiv: 2310.04120 (2023)



Main results
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Generalization

Expressibility and entanglement 
of QNN

Parameters rescaling 
at test time

1
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Generalization
Noiseless quantum simulations
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Average over 10 different runs 

Noisy sinusoidal 
dataset

Optimal dropout percentages: 5-8% depending on the strategy



Expressibility and entanglement
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Overparam OverparamTHIS 
WORK

THIS 
WORK

50%
50%

50%
50%

50%

Concentrable entanglement 2,3Expressibility1

[1] S. Sim, et al., Adv. Quant. Tech. (2019)
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Average over 15000 different states 



Parameters rescaling
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Parameters rescaling
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θtest = (1 − pdrop)1/k θtrain

(1 − pdrop)1/k → 1, for k → ∞

group 1
group 2

independent
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Summary

• Reduce overfitting allowing generalization 

• Not reduce expressibility nor entanglement for 
highly overparametrized QNNs


• Not seem to need parameters rescaling at test time

Quantum dropout does:

To soon appear in 


Adv. Quant. Tech.


STAY TUNED


