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How to Compress a Quantum Neural Network?

2 |  George Mason University

Quantum Neural Network Compression
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Motivation and Background
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• Pruning and Quantization in Classical ML

• Pruning and Quantization in Quantum ML

• Pruning: Not only 0 can be pruned, but also 2π, 4π, etc.

• Quantization: Different quantization level may have different cost
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Motivation and Background
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• Quantum Neural Network Compression Should be Compilation Aware

Compilation
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CompVQC
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• General Overview 

Three stages: 1. Preparation; 2. Compression; 3. Deployment
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CompVQC
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• LUT Construction and Training a Quantum Model

• Reconstruct LUT for ADMM

• Compression based on ADMM

• Deployment
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CompVQC
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• LUT Construction and Training a Quantum Model
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CompVQC
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• LUT Construction and Training a Quantum Model

❑ Compression-Level Lookup Table (LUT)

A combination of pruning/quantization level called as “compression level”.

❑ VQC Pre-Training

A VQC model is pre-trained for compression and the training process is implemented with Torch 

Quantum.
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Hands-On Tutorial (1) : LUT Construction 
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Input

• Fixing points list

• Logical Gates List to be used

• Quantum Backend

Do

• Get the compiler for the backend

• Get the compiled circuit length of 

each logical gate at each special 

fixing points

Output

• Get the compiler for the backend
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CompVQC
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• LUT Construction and Training a Quantum Model

• Reconstruct LUT for ADMM

• Compression based on ADMM

• Deployment
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CompVQC
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• Problem Definition

Given VQC W(θ),  LUT T, quantum compiler C, the problem is to determine trainable parameters θ, such that:

f (W(θ)): training loss on the given 

dataset 

TCD(θ): the circuit depth of VQC
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CompVQC
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• Reconstruction LUT for ADMM

Process is conducted by traversing all quantum gates in VQC and select the compression target 

with highest metric.

A heuristic metric for the choice

acc(W(θi, k)): the accuracy of the VQC under 

new parameters

TCD(θ): the inverse of the compression ratio 

by changing parameters from θ to θi, k
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Hands-On Tutorial (2) : Reconstruct LUT for ADMM
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Input

• trained model

• Original LUT

• The metrics function of accuracy and length

For each parameter, Do

• Replace it with points at compression level in 

original LUT while fixing other parameters

• Calculate the metrics of each new model

• Select the point with the highest metric as the 

compression level for ADMM

Output

• A new LUT for ADMM
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CompVQC
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• LUT Construction and Training a Quantum Model

• Reconstruct LUT for ADMM

• Compression based on ADMM

• Deployment
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CompVQC
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• Compression based on ADMM

Each parameter can either be compressed to the target value in Tadmm or not compressed.
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CompVQC
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• Compression based on ADMM

Given reconstructed compression-level LUT Tadmm, the CQCP is formulated as:

Z: a set of auxiliary variables for subproblem decomposition and zi ∈ Z is corresponding to θi ∈ θ

f(W(θ)) + TCD(Z) : the objective function in the original CQCP problem(previously seen). 

ci(Zi): An indicator function to serve as a penalty term

maskr: variable to indicate whether the parameters will be compressed at iteration r.
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Hands-On Tutorial (3) : Compression based on ADMM 
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Input

• A trained model

• A new LUT for ADMM

Do

• Compress a model with ADMM

• Fine-tune the compressed model

Output

• A compressed model

Circuit Length Accuracy

Original model 51 94.2%

Compressed 35 97.10%

Pruned

Quantized
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CompVQC
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• LUT Construction and Training a Quantum Model

• Reconstruct LUT for ADMM

• Compression based on ADMM

• Deployment
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CompVQC
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• Deployment
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CompVQC

20 |  George Mason University

• General Overview 

Three stages: 1. Preparation; 2. Compression; 3. Deployment
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Hands-On Tutorial (1)
LUT Construction 

https://jqub.ece.gmu.edu/categories/QFV/

https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_2_Hidden_NeuralComp.ipynb
https://colab.research.google.com/drive/1R6ARUSDMDDTIQHVcsyTZifmSo5h8GSgQ#scrollTo=Q9LAxDMbGtx8
https://jqub.ece.gmu.edu/categories/QFV/
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Hands-On Tutorial (2)
Reconstruct LUT for 
ADMM 

https://jqub.ece.gmu.edu/categories/QFV/

https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_2_Hidden_NeuralComp.ipynb
https://colab.research.google.com/drive/1R6ARUSDMDDTIQHVcsyTZifmSo5h8GSgQ#scrollTo=Q9LAxDMbGtx8
https://jqub.ece.gmu.edu/categories/QFV/
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Hands-On Tutorial (3)
Compression based on 
ADMM

https://jqub.ece.gmu.edu/categories/QFV/

https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_2_Hidden_NeuralComp.ipynb
https://colab.research.google.com/drive/1R6ARUSDMDDTIQHVcsyTZifmSo5h8GSgQ#scrollTo=Q9LAxDMbGtx8
https://jqub.ece.gmu.edu/categories/QFV/
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Experimental Results
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• Simulation Results on ML Dataset

CompVQC can maintain high accuracy with <1% accuracy loss. And the reduction of circuit length is up to 

2.5X. 
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Experimental Results
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• Results on Multiple IBM Quantum Computers 

CompVQC can reduce circuit length by 2x while the accuracy is also higher in a noisy environment.

Circuit compression can make the QNN model more robust to the noise 
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API: QuantumFlow Neural Network (qfnn)
import qfnn

QuantumFlow

Co-DesignMachine Leanring Models

(QF-pNet, QF-hNet)

Classic Computer Quantum Computer

Quantum Circuit

Design and Optimization

(QF-Circ)

Efficient Forward/Backward Propagation

(QF-FB)

Datasets

QF-Map

QF-FB(C) QF-F(Q)

P-LYR U-LYR N-LYR

https://libraries.io/pypi/qfnn
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Documentation and Project repo
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https://jqub.ece.gmu.edu/categories/QF/qfnn/index.html https://github.com/jqub/qfnn

https://jqub.ece.gmu.edu/categories/QF/qfnn/index.html
https://jqub.ece.gmu.edu/categories/QF/qfnn/index.html
https://github.com/jqub/qfnn
https://github.com/jqub/qfnn
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QF-hNet: U-LYR
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qfnn.qf_circSub module of 

• Given: (1) Number of input neural2𝒩; (2) number of output neuron ℳ; 

(3) input ℐ; (4) weights 𝒲; (5) an empty quantum circuit 𝒞

• Do: (1) Encode inputs to the circuit; (2) embed weights to the circuit; (3) do accumulation and quadratic function

• Output: (1) Quantum circuit 𝒞 with ℳ output qubits

#create circuit

circuit = QuantumCircuit()

#init circuit, which is corresponding to a neuron with 4 qubits and 2 outputs

u_layer = U_LYR_Circ(4,2)

#create qubits to be invovled

inps = u_layer.add_input_qubits(circuit)

aux =u_layer.add_aux(circuit)

u_layer_out_qubits = u_layer.add_out_qubits(circuit)

#add u-layer to your circuit

u_layer.forward(circuit,binarize(weight_1),inps,u_layer_out_qubits,quantum_matrix,aux)

#show your circuit

circuit.draw('text',fold=300)

𝒩 ℳ

ℐ𝒲

𝒞

𝓒

2𝒩 data
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qfnn API Example
QF-hNet

https://jqub.ece.gmu.edu/categories/QFV/

https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_3/EX_2_QF_hNet.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_3/EX_2_QF_hNet.ipynb
https://jqub.ece.gmu.edu/categories/QFV/
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