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Quantum Machine Learning

PredictionU( ⃗ϕ )V( ⃗x)
⃗x

Classical ModelData encoding Evaluation

Evaluate gradients, update parameters

⋮

Hybrid Quantum-classical architecture 
• Effectiveness/challenge of data encoding  
• Quantum hardware requirement during inference



Hybrid Quantum-classical architecture 
Qubit count, circuit depth, and normalization 
to rotational angles, …
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Quantum Machine Learning

PredictionU( ⃗ϕ )V( ⃗x)
⃗x

Classical ModelData encoding Evaluation

Evaluate gradients, update parameters

⋮

Too expensive! And not applicable for short-response 
applications (e.g., self-driving cars) due to queuing 
and remote delay.

• Effectiveness/challenge of data encoding  
• Quantum hardware requirement during inference
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Quantum Machine Learning

Which skill should I use now?

Your queue position is: 9487
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Beyond the data-encoding circuit 
and quantum computer inference

U( ⃗ϕ )

Classical neural network

with parameters ⃗θ ∈ ℝM

Mapping model  
with parameters ⃗γ

Generate ⃗θ

data

Prediction 

-qubit 

QNN with parameters  

N
⃗ϕ

Evaluate 

Loss 


Function

Evaluate Gradients & Update Parameters ⃗ϕ , ⃗γ

# of parameters: 

polylog(M)

Required qubits :

 N = ⌈log2 M⌉

# of parameters: 

polylog(M)

• “Generate” the classical NN parameters by Quantum NN 
• The “trained” result is a classical NN  
• Use  parameters to train  parameterspolylog(M) M measurement probabilities  2N ∈ [0,1]

Ex.  
,  

 training parameters  
to control QNN

N = 10 2N = 1024
∼ 100

(1)

(2) (3)

[0,1] → ℝ

Liu, et. al. arXiv: 2405.11304
Liu, et. al. QCE24 

Quantum-Train



• “Generate” the classical NN parameters by Quantum NN 
• The “trained” result is a classical NN  
• Use  parameters to train  parameterspolylog(M) M

 measurement probabilities  2N ∈ [0,1]

 CIFAR-10 dataset 

N = ⌈log2 285226⌉ = 19

Liu, et. al. arXiv: 2405.11304
Liu, et. al. QCE24 

Beyond the data-encoding circuit 
and quantum computer inference

Quantum-Train
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1.Quantum-Train, arXiv: 2405.11304  
2.Introduction to Quantum-Train Toolkit, IEEE QCE 2024 
3.QTRL: Toward Practical Quantum Reinforcement Learning via Quantum-Train, IEEE QCE 2024 
4.Quantum-Train Long Short-Term Memory: Application on Flood Prediction Problem, IEEE QCE 2024 
5.Training Classical Neural Networks by Quantum Machine Learning, IEEE QCE 2024 
6.Federated Quantum-Train with Batched Parameter Generation, ICTC 2024 (Best AI paper) 
7.Quantum-Train with Tensor Network Mapping Model and Distributed Circuit Ansatz, ICASSP 2025 
8.Quantum-Trained Convolutional Neural Network for Deepfake Audio Detection, ICASSP 2025 
9.Programming Variational Quantum Circuits with Quantum-Train Agent, QCNC 2025

•🥈 Second Place Prize, Deloitte’s Quantum Climate 
Challenge (2024)  

•🥈 Second Place Prize, A Matter of Taste Challenge, 
Xanadu QHack Open Hackathon (2024) 

•🥇 First Place Prize, Ephys Hackathon on Quantum 
Machine Learning (2023)

Use < 50% training parameters 

 training parameters  ∼ 105

Reinforcement Learning LSTM

Quantum-Train
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Large Language Models (LLMs) 
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Large Language Models (LLMs) 

Transformer 

Part

LM Head 

GPT2

38M parameters 

127M parameters 

Text Embedding

Transformer 

Part

LM Head 

GPT2-XL

80M parameters 

1.5B parameters 

Text Embedding
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Large Language Models (LLMs) 

Transformer-based LLMs

• Pre-trained on massive datasets for tasks like Q&A, 
summarization, and translation. 

• Highly flexible but challenging to train and fine-tune due to 
billions of parameters.

Gemma 2B parameters 
7B parameters Gemma

GPT3 175B parameters 
GPT4 1.76T parameters 

Llama-3 8B parameters 
Llama-3 70B parameters 
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Transformer 

Part

LM Head 

LLM

Text Embedding  106 → 109 → 1012 → . . .

QML studies

 parameters∼ 105

Gemma 2B parameters 
7B parameters Gemma

GPT3 175B parameters 
GPT4 1.76T parameters 

Llama-3 8B parameters 
Llama-3 70B parameters 

This work

Relate to qubit count of original QT: 

30~40 qubits

< 20 qubits

The Gap

Sounds good but… 



LoRA: Low-Rank Adaptation @ ICLR 2022 

Transformer 

Part

LM Head 

GPT2

38M parameters 

127M parameters 

Text Embedding

• Method 
• For a pre-trained weight matrix , we 
constrain its update by representing the latter with 
a low-rank decomposition , 
where , , with  frozen during 
the training. The forward pass yields:  

•

W0 ∈ ℝd×k

W0 + ΔW = W0 + BA
B ∈ ℝd×r A ∈ ℝr×k W0

h = W0x + ΔWx = W0x + BAx

•With the rank  
•Only  and  will be tuned during training

r ≪ min(d, k)
A B

x

Pretrained

Weights


W0A

B

h

•Ex.  
     

   
  

d = 500, k = 70 → d × k = 35000
r = 1 → d × r + r × k = 570
r = 2 → d × r + r × k = 1140

Parameter Efficient Fine-Tuning LLMs 



Quantum Parameter Adaptation

LLM

Text Embedding

Transformer

Blocks 

lmhead

PEFT

Parameters

⋮

Chunk 1

Chunk 2

Chunk 3

Chunk nch

MLP

Generate chunked parameters 
Mapping Model 

( |ϕ1⟩, |⟨ϕ1 |ψ (θ )⟩ |2 )

QNN generated

context vector

( |ϕ2⟩, |⟨ϕ2 |ψ (θ )⟩ |2 )

( |ϕ3⟩, |⟨ϕ3 |ψ (θ )⟩ |2 )

⋮
( |ϕnch

⟩, |⟨ϕnch
|ψ (θ )⟩ |2 )

Trainable Trainable

× L
|0⟩

|0⟩

Ry

Ry

|0⟩ Ry

⋮⋮⋮

|0⟩ Ry

⋮

QNN 

with  qubitsN = ⌈log2 nch⌉

LoRA, DoRA, 

Prefix-Tuning, 

Adapters, …
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LLM

Text Embedding

Transformer

Blocks 

lmhead
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⋮

Chunk 1

Chunk 2

Chunk 3
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( |ϕ2⟩, |⟨ϕ2 |ψ (θ )⟩ |2 )

( |ϕ3⟩, |⟨ϕ3 |ψ (θ )⟩ |2 )

⋮
( |ϕnch

⟩, |⟨ϕnch
|ψ (θ )⟩ |2 )

Trainable Trainable

× L
|0⟩

|0⟩

Ry

Ry

|0⟩ Ry

⋮⋮⋮

|0⟩ Ry

⋮

QNN 

with  qubitsN = ⌈log2 nch⌉

LoRA, DoRA, 

Prefix-Tuning, 

Adapters, …

 measurement probabilities  2N ∈ [0,1]

Input: basis information & prob.  
Output: A chunk (batch) of parameters

The qubit count is reduced from  

 to ⌈log2 M⌉ ⌈log2⌈
M

nmlp
⌉⌉ = ⌈log2 nch⌉

Batched Parameter Generation 
Liu, et. al.  
ICTC 2024 Best AI paper award
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  Testing perplexity of GPT-2 (80M) and Gemma-2 (2B) models compared to the 
number of trainable parameters for LoRA, DoRA, and QPA on the WikiText-2 
dataset.

Low-rank adaptation methods with QPA.

Quantum Parameter Adaptation

All experiments were conducted on NVIDIA V100S and NVIDIA H100 GPUs.

On ideal simulator 
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  Testing perplexity of GPT-2 and Gemma-2 models compared to the number of trainable 
parameters for prefix-tuning (PT), feed-forward adapter (FFA), and QPA on the WikiText-2 
dataset.

QPA on Prefix-Tuning and Feed-forward adapter.

All experiments were conducted on NVIDIA V100S and NVIDIA H100 GPUs.

Quantum Parameter Adaptation

On ideal simulator 
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  (a) Qubit usage versus the number of trainable parameters for QPA applied to LoRA and 
DoRA on GPT-2 and Gemma-2 models. (b) The relationship between testing perplexity and 
LoRA rank for QPA applied to GPT-2 and Gemma-2. (c) and (d) Testing perplexity 
depending on the QNN repetition L for QPA applied to LoRA on GPT-2 and Gemma-2.

Effects of QPA settings

On ideal simulator 

Quantum Parameter Adaptation
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  (a) Qubit usage versus the number of trainable parameters for QPA applied to LoRA and 
DoRA on GPT-2 and Gemma-2 models. (b) The relationship between testing perplexity and 
LoRA rank for QPA applied to GPT-2 and Gemma-2. (c) and (d) Testing perplexity 
depending on the QNN repetition L for QPA applied to LoRA on GPT-2 and Gemma-2.

Effects of QPA settings

On ideal simulator 

Reduced qubit count due to batched parameter generation 
(arXiv:2409.02763), Low-rank adaptation, … 

More expressive circuits have better QPA 
performance

Quantum Parameter Adaptation
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Testing perplexity of GPT-2 versus the number of trainable parameters on different noise 
setting with RY + CNOT and RX+ CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4), where  is fixed at .nshot nshot = 20 × 2N

Effects of quantum noise model from IBM quantum computers

On noisy simulator 

Quantum Parameter Adaptation

Certain noisy circuits exhibit 
better QPA performance.
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Effects of quantum noise model from IBM quantum computers

Certain noisy circuits exhibit 
better QPA performance.

Quantum Parameter Adaptation

(ACL2022)



Testing perplexity of GPT-2 versus the number of trainable parameters on different number 
of measurement shots with RY + CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4).

Effects of finite measurement shots

25

On ideal simulator 

Quantum Parameter Adaptation



Testing perplexity of GPT-2 versus the number of trainable parameters on different number 
of measurement shots with RY + CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4).

Effects of finite measurement shots

26

On ideal simulator 

Quantum Parameter Adaptation



Testing perplexity of GPT-2 versus the number of trainable parameters on different number 
of measurement shots with RY + CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4).

Effects of finite measurement shots

27

Quantum Parameter Adaptation

New paper @ ICLR 2025 workshop: 
Frame Generation in Hilbert Space: Generative Interpolation of Measurement Data for 
Quantum Parameter Adaptation



Testing perplexity of GPT-2 versus the number of trainable parameters on different number 
of measurement shots with RY + CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4).

Effects of finite measurement shots

28

Quantum Parameter Adaptation
New paper @ ICLR 2025 workshop: 
Frame Generation in Hilbert Space: Generative Interpolation of Measurement Data for 
Quantum Parameter Adaptation



Summary

• The first example of using QML to fine-tune classical LLMs with improved performance. 
• Further reduction of training parameters based on classical PEFT methods. 
• No issues with data encoding. 
• No quantum hardware required during inference.

Generate PEFT parameters by QNN and MLP for LLMs

• A generative method to mitigate the issue of finite measurement shots. (ICLR 2025 workshop) 
• Characterizing the effect of real quantum computer noise on QPA. 
• Real quantum computer implementation.

On-going & Future work

⋮⋮⋮⋮⋮ ⋮



Appendix 

⋮⋮⋮⋮⋮ ⋮



Testing perplexity of GPT-2 versus the number of trainable parameters on different number 
of measurement shots with RY + CNOT ansatz. The comparison includes LoRA and QPA 
applied at LoRA rank (r = 4).

Effects of finite measurement shots

31

On ideal simulator 

Quantum Parameter Adaptation



Generative approach? 
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Pre-train and predict Pre-train and sample 



Generative approach? 
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LLM

Text Embedding

Transformer

Blocks 

lmhead

PEFT

Parameters

⋮

Chunk 1

Chunk 2

Chunk 3

Chunk nch

MLP

Generate chunked parameters 
Mapping Model 

( |ϕ1⟩, |⟨ϕ1 |ψ (θ )⟩ |2 )

QNN generated

context vector

( |ϕ2⟩, |⟨ϕ2 |ψ (θ )⟩ |2 )

( |ϕ3⟩, |⟨ϕ3 |ψ (θ )⟩ |2 )

⋮
( |ϕnch

⟩, |⟨ϕnch
|ψ (θ )⟩ |2 )

Trainable Trainable

× L
|0⟩

|0⟩

Ry

Ry

|0⟩ Ry

⋮⋮⋮

|0⟩ Ry

⋮

QNN 

with  qubitsN = ⌈log2 nch⌉

LoRA, DoRA, 

Prefix-Tuning, 

Adapters, …

 measurement probabilities  2N ∈ [0,1]

With insufficient measurement counts: 
1. Some of the basis are unmeasured. 
2. Precision of measured basis probability is low.  



Generative approach 
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General scheme of frame generation in video data 

4K: 3840 * 2160 
720p: 1280 * 720 



Generative approach 
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General scheme of frame generation in video data 

“Neighbor” frames



Generative approach 
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General scheme of frame generation in video data 

“Neighbor” frames

How about quantum? 

 measurement probabilities  2N ∈ [0,1]



Generative approach 
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General scheme of frame generation in video data 

“Neighbor” frames

How about quantum? 

 measurement probabilities  2N ∈ [0,1]

What is the similar role of “neighbor” in 
the Hilbert space (basis data) ?

 Hamming distance→



Generative approach 
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General scheme of frame generation in video data 

“Neighbor” frames

How about quantum? 

 measurement probabilities  2N ∈ [0,1]

What is the similar role of “neighbor” in 
the Hilbert space (basis data) ?

 Hamming distance→

Hamming distance = 1  
01010  01110↔



Generative Interpolation (GI)
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The target for Generative Interpolation (GI)

. . . ...

...

Finite Measurement shots 
( )nshot = c ⋅ 2N

Finite Measurement shots 
with Generative Interpolation 

…

Probabilities 

…

Probabilities 

Unmeasured basis due to  
insufficient measurement shots 

Generated measurement data 

Exact Measurement  
( )nshot → ∞

…

Probabilities 

basis

≈



Generative Interpolation (GI)
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Generative Interpolation (GI) of close Hamming distance data

P( )|ϕj⟩

P( )|ϕk⟩

P( )|ϕl⟩

. . .

..
. ..
.

. . .
...

...

P( )|ϕi⟩

When a basis  is found to be unmeasured, 

P( )=0, a basis subset  is  

constructed by collecting the basis that have Hamming 
distance =1 with .   

The corresponding measurement probabilities of basis in 
this subset, are then inputted in to a neural network 
model, where this model gives the estimation of P( ). 

|ϕi⟩
|ϕi⟩ { |ϕk⟩, |ϕj⟩, . . . , |ϕl⟩}

|ϕi⟩

|ϕi⟩

Ring of Hd = 1



Generative Interpolation (GI)
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P( )|ϕj⟩

P( )|ϕk⟩

P( )|ϕl⟩

. . .

..
. ..
.

. . .
...

...

P( )|ϕi⟩

Ring of Hd = 1

Generative Interpolation (GI) of close Hamming distance data

Set of Hamming distance = 1  
{ , , , , }𝒮 = |10000⟩ |01000⟩ |00100⟩ |00010⟩ |00001⟩

P( )=0, =|ϕi⟩ |ϕi⟩ |00000⟩

P( )= F(P( ))|ϕi⟩ 𝒮

Neural network model F 

The parameters of this neural network are learned along 
with the Quantum Parameter Adaptation process. 



Generative Interpolation (GI)
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P( )|ϕj⟩

P( )|ϕk⟩

P( )|ϕl⟩

. . .

..
. ..
.

. . .
...

...

P( )|ϕi⟩

Ring of Hd = 1

Generative Interpolation (GI) of close Hamming distance data



Generative Interpolation (GI)
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Generative Interpolation (GI) enhanced Quantum Parameter Adaptation

Trainable

× L
|0⟩

|0⟩

Ry

Ry

|0⟩ Ry

⋮⋮⋮

|0⟩ Ry

⋮

QNN 

with  qubitsN = ⌈log2 nch⌉

LLM

Text Embedding

Transformer

Blocks 

lmhead

PEFT

Parameters

⋮

Chunk 1

Chunk 2

Chunk 3

Chunk nch

MLP

Generate chunked parameters 
Mapping Model 

( |ϕ1⟩, |⟨ϕ1 |ψ (θ )⟩ |2 )

QNN generated

context vector

( |ϕ2⟩, |⟨ϕ2 |ψ (θ )⟩ |2 )

( |ϕ3⟩, |⟨ϕ3 |ψ (θ )⟩ |2 )

⋮
( |ϕnch

⟩, |⟨ϕnch
|ψ (θ )⟩ |2 )

Trainable

LoRA, DoRA, 

Prefix-Tuning, 

Adapters, …

1. Without pretrained generative model.  
2. Without additional sampling for constructing 
generative measurement data. 

MLP

Generate measurement 
probabilities for uncounted basis

GI Model 

Trainable



Generative Interpolation (GI)
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Generative Interpolation (GI) enhanced Quantum Parameter Adaptation

Trainable

× L
|0⟩

|0⟩

Ry

Ry

|0⟩ Ry

⋮⋮⋮

|0⟩ Ry

⋮

QNN 

with  qubitsN = ⌈log2 nch⌉

LLM

Text Embedding

Transformer

Blocks 

lmhead

PEFT

Parameters

⋮

Chunk 1

Chunk 2

Chunk 3

Chunk nch

MLP

Generate chunked parameters 
Mapping Model 

( |ϕ1⟩, |⟨ϕ1 |ψ (θ )⟩ |2 )

QNN generated

context vector

( |ϕ2⟩, |⟨ϕ2 |ψ (θ )⟩ |2 )

( |ϕ3⟩, |⟨ϕ3 |ψ (θ )⟩ |2 )

⋮
( |ϕnch

⟩, |⟨ϕnch
|ψ (θ )⟩ |2 )

Trainable

LoRA, DoRA, 

Prefix-Tuning, 

Adapters, …

MLP

Generate measurement 
probabilities for unmeasured basis

GI Model 

Trainable

(This work)

Original QPA
Add random interpolation ? 



Generative approach 
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Result of Generative Interpolation (GI) for few measurement shots


