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Quantum Machine Learning

Hybrid Quantum-classical architecture

e Effectiveness/challenge of data encoding
e Quantum hardware requirement during inference

Evaluate gradients, update parameters

Data encoding Evaluation Classical Model
/7«'.\0 7\ ,\.

V 4 U X AN p—e —o Prediction
(x) 7 U(g) —

Schrodinger
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Quantum Machine Learning

Hybrid Quantum-classical architecture

Qubit count, circuit depth, and normalization
e Effectiveness/challenge of data encoding S to rotational angles, ...

e Quantum hardware requirement during inference

l

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



Quantum Machine Learning

Hybrid Quantum-classical architecture

e Effectiveness/challenge of data encoding
e Quantum hardware requirement during inference

Which skill should | use now?

Your queue position is: 9487
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Quantum Machine Learning

Hybrid Quantum-classical architecture

e Effectiveness/challenge of data encoding
e Quantum hardware requirement during inference

Which skill should | use now?
_—

‘—

Your queue position is: 9487




Quantum-Train

Beyond the data-encoding circuit

and guantum computer inference

QNN with parameters Z

(2)
Required qubits :

N = [log, M|

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

Evaluate Gradients & Update Parameters 5), }7

N-qubit Mapping model
with parameters y

Generate 6

A

—

U(g) [
~

[0,1] - R

# of parameters:

# of parameters: olvloo(M
Solylog(M) polylog(M)

$

2 measurement probabilities € [0,1]

(1) Classical neural network
with parameters 8 € RM

:

CPrediction)
\_

~

)

(3)

—>

Evaluate
Loss
Function

RS R

National Taiwan University

Ex.
N =102 =1024

~ 100 training parameters

to control QNN

o “Generate” the classical NN parameters by Quantum NN
® The “trained” result is a classical NN

o Use polylog(M) parameters to train M parameters



L EE AR

National Taiwan Umversnty

Quantum-Train

Beyond the data-encoding circuit
and guantum computer inference

CIFAR-10 dataset
airplane ﬁ.% » .-=&;
automobile (.21 0N 0] ) il ] ol 5 Model Test acc. (%) |Para. size
bird imB VES yERW Classical CNN 62.50 285226 | -—» N = [log,285226] = 19
cat .gq.-.- o P QT-323 60.69 23258
deer “.’R & E- E. Table IV. Comparative performance of Classical CNN
dog ‘ﬂ &nu“ “. and QT models for CIFAR-10 dataset.
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2" measurement probabilities € [0,1]

: _ o “Generate” the classical NN parameters by Quantum NN
Liu, et. al. arXiv: 2405.11304 ® The “trained” result is a classical NN

Liu, et. al. QCE24 e Use polylog(M) parameters to train M parameters



Quantum-Train

Reinforcement Learning LSTM

CartPole-vl : :
Quantum-Train learning curve

600 1 —— Classical
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QTRL, L=1
— QTRL, L=3
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Use < 50% training parameters

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, I[EEE 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 Al 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, QCBNC 2025
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& 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, Eghgs Hackathon on Quantum
Machine Learning (2023)

Deloitte.

— Quantum Climate
Challenge 2024

® XANADU

% QF%@:CK

~ 10° training parameters



Large Language Models (LLMSs)

ChatGPT 40 > &G

Pick a number from 1to 50

We will not communicate with
you and | will not use ChatGPT
for 20 days

@ Can | pick another number?

Yes

:;-“'\{‘<> » \-'5)
G B TRY
.9

National Taiwan University



ChatGPT 40 > 4

Pick a number from 1to 50

We will not communicate with
you and | will not use ChatGPT
for 20 days

@ Can | pick another number?

Yes

Large Language Models (LLMSs)

10

GPT2
127M parameters
LM Head
38M parameters
Transformer
Part
T

Text Embedding

m) B2 TRT

National Taiwan Umversrty

GPT2-XL
1.5B parameters

LM Head
80M parameters

Transformer
Part

\_ J

T
Text Embedding




Large Language Models (LLMSs) @ GE EX ) "%

Transformer-based LLMs GPT2 GPT2-XL
127M parameters 1.5B parameters
® Pre-trained on massive datasets for tasks like Q&A,
summarization, and translation. LM Head LM Head
e Highly flexible but challenging to train and fine-tune due to 38M parameters 8OM parameters
billions of parameters.
) 4 )
@OpenAI GPT3 175B parameters R Transformer
GPT4 1.76T parameters Part Part
090 Meta Llama-3 8B parameters

Llama-3  70B parameters \_ ) \_ W,

- Gemma 2B parameters t 0

Google |
Gemma /B parameters Text Embedding Text Embedding

11
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Large Language Models (LLMSs)

Transformer-based LLMs

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

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

l

Can Quantum do it better?

12



AEREASE S a

National Taiwan University

Large Language Models (LLMSs)

Transformer-based LLMs

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

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

Published as a conference paper at ICLR 2025

Can Quantum do it better? A QUANTUM CIRCUIT-BASED COMPRESSION PER-
SPECTIVE FOR PARAMETER-EFFICIENT LEARNING

Chen-Yu Liu’? Chao-Han Huck Yang® Hsi-Sheng Goan''+°°% Min-Hsiu Hsieh?

! Graduate Institute of Applied Physics, National Taiwan University, Taipei, Taiwan

2 Hon Hai (Foxconn) Research Institute, Taipei, Taiwan

3 Georgia Institute of Technology, USA

4 Department of Physics and Center for Theoretical Physics, National Taiwan University, Taipei, Taiwan
° Center for Quantum Science and Engineering, National Taiwan University, Taipei, Taiwan

6 Physics Division, National Center for Theoretical Sciences, Taipei, Taiwan

13



The Gap

QML studies

Sounds good but...

~ 10° parameters

‘ This work \

< 20 qubits

Relate to qubit count of original QT:
30~40 qubits

@ OpenAl

CIdK
GPT4

Llama-3
Llama-3

Gemma
Gemma

175B parameters

1.76T parameters

8B parameters
/0B parameters

2B parameters
/B parameters

10 - 10° = 102 > ...

14

e V)

YAER AR 4

National Taiwan University

LLM

LM Head

;
= B

Transformer
Part

Text Embedding
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Parameter Efficient Fine-Tuning LLMs

LoRA: Low-Rank Adaptation @ ICLR 2022 p—
. Method 127M parameters
- For a pre-trained weight matrix W, & Rk we LM Head )
constrain its update by representing the latter with 38M parameters
a low-rank decomposition W, + AW = W, + BA, ~ ! ~
where B € R, A € R™, with W, frozen during
the training. The forward pass yields:
+h = Wyx + AWx = Wyx + BAx Tra”;“;?'trmer
- With the rank r < min(d, k) \\ W, )
- EX. ¥

- Only A and B wiill be tuned during training
d=500,k=70 - dXxk=35000 Text Embedding

r=1—-dXxr+rxk=>570
r=2->dxr+rXxk= 1140



B2 EFxy

National Taiwan U mvermty

Quantum Parameter Adaptation

Trainable Trainable
| | LLM
i * i i * i
QNN generated
...................................... X L context vector f \
r 2 4 ) (- N Imhead
|0) T Ry : /ﬁ (1), K ly @) 1) | =P —> Chunk 1
: ; g P MLP g ) N
. ] ( ) ( )
10): < R © : /ﬁ (1), s lw @) [P | —P —> Chunk 2 PEFT f \
J : - y ) ) g D Parameters
E /ﬁ ( ) 0:(. “:0 ( )
_ : (U2 s lw@) ) | —P AN~ —> Chunk 3
10) R, N by SR N J Transformer
5 Blocks
: : LoRA, DoRA,
0) i R, is — 7 [<¢nch>,|<¢nch|w<9>>|2>] — — [Chunk l’lch] F}{ﬁlﬁ;ﬂ;‘ " - y
1 ; \_ Y, .
e . 9 y k " J

QNN Mapping Model

with N = [log2 nch] qubits Generate chunked parameters Text Embedding
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Quantum Parameter Adaptation

Trainable Trainable

| | LLM
| ’ i i * |
QNN generated
...................................... X L context vector . / \
: - - ~ (- ~ | \ Imhead
|0) i R, A Ad L lv@) ) | —> —» || Chunk 1
: _ D MLP L B A
! ( ) ( )
| O> E R |4 /7« (|¢2>,|<¢2|‘I/(‘9)>|2) —> — Chunk 2 PEFT r \
: Y - v I\ - w Parameters
: r ) 0:(. “:0 a8 )
10) i R A g liaslvonty | —> | (CRCXAC) | —> || Chunk 3
E y - J SN K N J . y Transformer
: : : Blocks
' ' LoRA, DoRA,
10) i — R, Js ; /ﬁ [(|¢nch>,|<¢nch|w<e>>|2>] —> — || Chunk n,, 'XSZX;TUWHQ,
) ; o p pters, ... k J
A o L ) K : J
QNN Mapping Model -

Text Embedding

Generate chunked parameters

2 measurement probabilities € [0,1]




Quantum Parameter Adaptation

RS R
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Trainable Trainable
| | LLM
I ’ I I ’ I
QNN generated
______________________________________ X L context vector - 1_ / \
| A ( 8 R e N r N Imhead
10) i R : (b b W@ ) | —> —» || Chunk 1
y
5 u y MLP _ » A
: ( ) ( )
|0) R o : /7« (12 (o lw (@) ) | =P —> Chunk 2 PEFT ( w
J : - D 1\ — » Parameters
: ~ ™ KA I a R
10)id R | A A lslwen?y | = | (B XE) | —> || Chunk 3
y . \ J - / L ) Transformer
: : : : E : : Blocks
' ' ‘ L ' LoRA, DoRA,
: Prefix-Tuning
0) ' — Js ; [(|¢nch>,|<¢nch| <9>>|2>] —> —> Chunk n ’
10) R, ; /7« . 8 p ch Adapters, ... \L JJ
______________________________________ ‘ 9 y "
NN Mapping Model : Text Embeddin
with N = []ng nch] qubits Generate chunked parameters 9

2 measurement probabilities € [0,1]

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

The qubit count is reduced from
M

logy M1 to [log,[——11 = [log,
mlp

r

\

Batched Parameter Generation

\

Liu, et. al.
ICTC 2024 Best Al paper award

J
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Quantum Parameter Adaptation

Low-rank adaptation methods with QPA..

GPT-2 Gemma-2 GPT-2 Gemma-2
1.62 - —O— LoRA 1.44 - —O— LoRA 8-"? —O— DoRA —O— DoRA
2 —{1- QPA —1- QPA —1- QPA 7.0 1 —{1— QPA
5 1.43 - 7 -
Q
S 1.60 - 6.5 -
Y 1.42 - . -
o i U 7
c 1.58 1.41 |
n
Q 5 - 5.5 A Q
|_
156 _ 140 7
UL L ! ! L L L L L | LELELIL | ! AL L L | ! L L | L | ! ! L L | 5.0_""'I ! UL L LAY | ! L L L
10° 106 10° 106 10’ 10° 106 10° 106 10’
# Trainable Parameters # Trainable Parameters # Trainable Parameters # Trainable Parameters

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.

* On ideal simulator

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

19
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Quantum Parameter Adaptation

QPA on Prefix-Tuning and Feed-forward adapter.

GPT-2 Gemma-2 GPT-2 Gemma-2
1.54 +
5 30 20 - —/\— FFA 1.50 - —/\— FFA
27 153 - e — QPA 1 QPA
= .
R 1.9 +
g 2.25 * 157 - 1.48 -~
§ 2.20 1.51 - 18-
s ' A 1.46 -
L 1504 ¢ PT 1.7 -
' —{ 1 QPA —{ 1 QPA
1.44 - A
10° 10° 10° 10° 10° 10° 10° 10°
# Trainable Parameters # Trainable Parameters # Trainable Parameters # Trainable Parameters

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

* On ideal simulator

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

20



Quantum Parameter Adaptation

Eftfects of QPA settings

(a) (b) L 605 (c) (d)
- QPA LoRA GPT-2 5 o J & QPAGPT-2 ~[ QPA LoRA GPT-2 1 46 - ~[~ QPA LoRA Gemma-2
togq B guemearr | 207 o aracemmaz ora-Gerz |1 LoRA - Gemma
2 \\ QPA DoRA Gemma-2 E) 1.91 Optimal 1595 -
S 81+ KW 2 1.8- 1.44 -
5 X i) o 1.7
-
* 6- X 0 1.6 - 1.585 1.42 -
|_
X 1.5 - W 1.580 -
4- ] T — 1 1 T T TT] T ™1 T — 1 T T rI7 T T T T 7 1575 T | T T r 1T T 1 140 T | T T r 1T T 1
10° 10° 1 2 4 8 16 32 64 8 16 32 64 128 256 8 16 32 64 128 256
# Trainable Parameters LoRA rank QNN repetition L QNN repetition L

(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. (¢) and (d) Testing perplexity
depending on the QNN repetition L for QPA applied to LoRA on GPT-2 and Gemma-2.

* On ideal simulator
21
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Quantum Parameter Adaptation

Reduced qublt count due to bdtched parameter generahon

(erw 2409 02763) Low rcmk dddptdhon

# of Qubits

(b)

(d)

: More expressive circuits have better QPA}
i performance |

Bz d§xY

National Taiwan University

-/ QPA LoRA GPT-2
—5¢-| QPA DoRA GPT-2 2.0 -
QPA LoRA Gemma-2 _@ 19
QPA DoRA Gemma-2 zj .
Q1.8 A
()]
o
(@) 1.7 1
<
i)
n 1.6 -
e
1.5 -

—{ 1+ QPA GPT-2
—(O— QPA Gemma-2

—iﬁf— Optimal

—F QPA LoRA GPT-2
—— LoRA - GPT-2

—{ I QPA LoRA Gemma-2
- LORA - Gemma-2

N

10° 106
# Trainable Parameters

1 2 4 8 16 32 64, 64 128 256

LoRA rank

128 256
QNN repetition L

(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.

* On ideal simulator
29



Quantum Parameter Adaptation

Effects of quantum noise model from IBM quantum computers

Testing perplexity

GPT-2
@x . I~ Noiseless (Ry + CNOT)
e\ <+ Noiseless (Rx + CNOT)
1024 WA ~-@- ibm_torino noise model (Ry +CNOT)
' ____ ﬁ ~@-- ibm_torino noise model(Rx + CNOT)
B TR 98- ibm_fez noise model (Ry + CNOT)
/ﬁ\ ~&— ibm_fez noise model (Rx + CNOT)
101 - <
\*/ \:\T\j:ruy:l
= 3 ~~~~~~~~~~~~~~~ .
~~~~~~~~~~~~~~~~~~~~~~~~ ‘ :j j _. f f == === f_f_{:_:_f_=_=—:_:ﬁ
It
6 x 104 105 2 x 10° 3x10°

# Trainable Parameters

a1
lj:} \\\\\\ e T
31 0 @ e
S N . K.
.. R
&
1 1 1
105 2x10° -3x%x10°

814557

National Taiwan University

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 n_, _is fixed atn, = = 20 x 2",

* On noisy simulator
23



Quantum Parameter Adaptation

Effects of quantum noise model from IBM quantum computers

Testing perplexity

GPT-2

5 % \\
@\ -1~ Noiseless (Ry + CNOT) AN
Q —a5— Noiseless (Rx + CNOT) 4 - i \
1024 A ~@ - ibm_torino noise model (Ry +CNOT) A
'_3\\ ____ o ~@- ibm_torino noise model{Rx + CNOT) 3 A [D PR
B TR ~$8- ibm_fez noise model (Ry + CNOT) 8 T e =
,ﬁ\ ~4A-—- ibm_fez noise model (Rx + CNOT) 2 CATTTTS N i
\\\‘D, . \:sg\ i
1 i )
10 \*/ \;\‘:ﬂ:‘ 1 I . .
= 5 \\\\\\ B 105 2x10° -3x10°
~~~~~~~~ A
1 1 I 1 1
6 x 104 105 2 x 10° 3x10°

# Trainable Parameters

NoisyTune: A Little Noise Can Help You Finetune

Pretrained Language Models Better

Chuhan Wu' Fangzhao Wu** Tao Qi'

Yongfeng Huang'

"Department of Electronic Engineering, Tsinghua University, Beijing 100084, China

*Microsoft Research Asia, Beijing 100080, China

24
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Quantum Parameter Adaptation

Effects of finite measurement shots

GPT-2
! 1~ Exact measurement 3 N P
AN @ Nspot =10 X 2N x ®
21024 @ 98 Nepor =20 x 2V 34 S
A SO # Nshor =407x 2N
[ +
- Vo plE .
q) \ \‘\ '\ \\\\
Q— “‘ \\ IS \*
= 1 \ )
4(7") 10 . ‘*‘ \\\\\\ 1 | ' '
@ ) L T 105 2%x10° -3%10°
T
e “"'"'“‘_'_'_'_'_'_'_'_:::::::::‘:::::;:: _________________ ®
B S Tl TR
P I e .|
1 I 1
6 x 104 105 2 x 10° 3x10°

# Trainable Parameters

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).

* On ideal simulator

25



o e

2% National lalwan Umverslty

Quantum Parameter Adaptation

Effects of finite measurement shots

v), with a given infidelity €. Prior work suggests that the sufficient number of measurement shots is

N N
=0 (L s (2)) s

(Haah et al., 2017), where N represents the number of qubits.

26
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Quantum Parameter Adaptation

Effects of finite measurement shots

v), with a given infidelity €. Prior work suggests that the sufficient number of measurement shots is

N N
=0 (L s (2)) s

(Haah et al., 2017), where N represents the number of qubits.

New paper r @ ICLR 2025 workshop

'Frame Generation in Hilbert Space: Generative Interpolation of Measurement Data for
Quantum Parameter Adaptahon - ‘ I j}.

27



Quantum Parameter Adaptation

New paper r @ ICLR 2025 workshop

'Frame Generation in Hilbert Space: Generative Interpolation of Measurement Data for

Quantum Parameter Adaptahon o

# Trainable Parameters

! 1.675 - i
1‘\\’ +
l|‘:“\ \‘\ 1.650 n
b 102 = E“\‘ “\ Q\\ +
b 1.625
s 1 L600] O g
< 101 - LN @ 1.575 - 0
- : NS
(V)] : \\\ \\\ T T |
L . @ 6x10* 105 2 X 10°3 x 10°
‘: g *\ ®
‘\“ \\* —————— = \::::::::::--_“
BCO—O0—© é—@ —©- —© O
' 1 ' 1
10° 10°

KER L

Bz d§xY

National Taiwan University

LORA
Exact measurement

Nepor = 20 x 2N

Nehot = 40 x 2N

Nshot = 1 x 2N

Nepor = 1 X 2N, with GI

28
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Summary

Generate PEFT parameters by QNN and MLP for LLMs

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.

On-going & Future work

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

| | | | f \
---------------------------------- ! ~ ) a ) rr Q @ ) ]
= I 5 A —> —>
: _ _ _ _ A
: ~ ) ~ ™) 1
N - 7 g By _> 7N - g y r
E ( R — ‘:«: :\:’ — B R
- /A - ), KON u y, L J
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Quantum Parameter Adaptation B ICLR

Learning Representations

Effects of finite measurement shots

GPT-2
! 1~ Exact measurement 3 N P
AN, @ Nspot =10 X 2N x ®
__,? 102 E R .\\ 98- Nspor =20 x 2N 3 T ‘
A SO # Nshor =407x 2N
[ +
- Vo plE .
q) \ \‘\ '\ \\\\
Q— “‘ \\ IS \*
= 1 _ \ )
4(7") 10 . ‘*. \\\\\\ 1 | ' '
@ ) L T 105 2%x10° -3%10°
o e T
e “"'""“_'_'_'_'_'_'_'_:::::::::‘:::::;:: _________________ ®
I Tl TR
P I o .|
1 I 1
6 x 104 105 2 x 10° 3x10°

# Trainable Parameters

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).

* On ideal simulator

31
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Generative approach? N ICLR

Learning Representations

Pre-train and predict Pretrain and sample

Article \ Open access ] Published: 20 October 2022 Article ‘ Published: 11 March 2019

Flexible learning of quantum states with generative Reconstructing quantum states with generative
query neural networks models
Yan Zhu, Ya-Dong Wu &, Ge Bai, Dong-Sheng Wang, Yuexuan Wang & Giulio Chiribella & Juan Carrasquilla™, Giacomo Torlai, Roger G. Melko & Leandro Aolita
Nature Communications 13, Article number: 6222 (2022) | Cite this article Nature Machine Intelligence 1, 1565-161 (2019) | Cite this article
5055 Accesses | 6 Altmetric | Metrics 6156 Accesses | 32 Altmetric | Metrics
3

1ml'pl}
‘ I I I . | N fe — T
{my, pa} \ State Prediction p’

_ f . Representation
| I . 5 T ~ On

: e |||||‘|.
oor) / |

f€ — Iy ’
| . | Requested Measurement m
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Generative approach? N ICLR

Learning Representations

Trainable Trainable

QNN generated

context vector ( \
- ~ - ~ [ - N Imhead
(1), 1 (¢, 1w (@) ") Chunk 1 :

LLM

--------------------------------
Py ~

0)i—{ R . .
l > d I - y MLP L )
' ( ) ( )
[0) i R o (162). o lw @) 1) Chunk 2 PEFT
: = S = J Parameters
|10) — R (1¢3), {3 lw (0)) I*) ) 3 Chunk 3
E Y - ~ - J Transformer

Blocks
LoRA, DoRA,

Prefix-Tuning,

10) _ Ry - El(ﬁ%h),l(%m'ww»@ 7 - _ - [Chunk nChJ Adapters, ... kk J j

I FRIRR R I X
Y [RR]
[

I

\_ _J

QNN Mapping Model ’

with N = [logz n ch] qubits Generate chunked parameters

Text Embedding

I[I Il“l"lll]]lll “ il With insufficient measurement counts:
MR v 1. Some of the basis are unmeasured.
i 2. Precision of measured basis probability is low.

2" measurement probabilities € [0,1]

33
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(Generative approach

General scheme of frame generation in video data

Welcome to the new era of
gaming

4K
120FPS

720P UPSCALED TO 4K
30FPS
+ 90FPS OF Al
GENERATED FRAMES

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

34
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Generative approach T ICLR

Learnin g Represen tations

General scheme of frame generation in video data

35
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Generative approach T ICLR

Learning Representations

General scheme of frame generation in video data

How about quantum?

“Neighbor” frames

$

2" measurement probabilities € [0,1]
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Learning Representations

General scheme of frame generation in video data

How about quantum?

$

2" measurement probabilities € [0,1]

What is the similar role of “neighbor” in
the Hilbert space (basis data) 2

— Hamming distance
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Learning Representations

General scheme of frame generation in video data

How about quantum?

$

2" measurement probabilities € [0,1]

What is the similar role of “neighbor” in
the Hilbert space (basis data) 2

— Hamming distance

Hamming distance = 1

01010 « 01110
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Generative Interpolation (Gl)

The target for Generative Interpolation (Gl)

Finite Measurement shots Finite Measurement shots Exact Measurement
_ N ° ° °
(ng,,,=c- 2N with Generative Interpolation (n,,. — o)
Probabilities Probabilities Probabilities

H— o

Unmeasured basis due to
Generated measurement data

insufficient measurement shots

39



(R *
NIE N
# /%4
-

=% Nationeg 1| Taiwan Univers 1‘(\

Generative Interpolation (Gl)

Generative Interpolation (Gl) of close Hamming distance data

Ring of H, =

When a basis | @) is found to be unmeasured,
- P(|$;))=0, a basis subset { [ @), | §;),.... [P} is
constructed by collecting the basis that have Hamming

distance =1 with | ¢.).

The corresponding measurement probabilities of basis in
3 . K3 this subset, are then inputted in to a neural network

model, where this model gives the estimation of P(| ¢,)).
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Generative Interpolation (Gl) of close Hamming distance data

Ring of H, =1
M h M P(14:2)=0, | ¢;)=100000)
D - Set of Hamming distance = 1

§ = {| 100003, |01000), |00100), |00010), |00001)}

D II | F Neural network model F

P(| ;)= F(P(S))

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

”L‘,'*\ » "'\7)
#.'30

National Taiwan University

Generative Interpolation (Gl) of close Hamming distance data

Ring of H, =1

-
-
-
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Learning Representations

Generative Interpolation (Gl) enhanced Quantum Parameter Adaptation

Trainable Trainable Trainable

| | | LLM
| ) | | | aNN tod | ) |
generate
.................................. X L context vector r \
’ : f ) 4 ) (- N Imhead
10) i R, — A (). i lw @) Py | —» —» || Chunk 1
E : 4 MLP ) k ) MLP > < A
: : r N
0yi- R —o A (16,1 GalwOD ) | —> —» || Chunk 2 PEFT - h
: Y l : s < 77N s < Parameters
' 1 * MY, *
E : oK A laslw@) Py | = | XA ) | = || Chunk 3
10) ] K, £A - i = = Transformer
' E : ; Blocks
L - ~ ~ ' ' LoRA, DoRA,
10) i— R, $ A @«ﬁnm),ucbmww»@ —> — [Chunk ”ch] Izggxigl::'ng’ . y
Gl Model - 7L ) P 0 >,
-------------------------------- 4
QNN Generate measurement Mapping Model _
with N = [logz nch] qubits probabilities for uncounted basis Generate chunked parameters Text Embedding

Finite Measurement shots Finite Measurement shots Exact Measurement
(N,=c- 2M) with Generative Interpolation (N, > o)

1. Without pretrained generative model.

& D 4
Probabilities Probabilities Probabilities

il - 2. Without additional sampling for constructing

QO S | O T O M | | A
T T 1T 1

Generated measurement data

generative measurement data.

Unmeasured basis due to
insufficient measurement shots




Generative Interpolation (Gl)

5
b

ICLR

International Conference On
Learning Representations

Generative Interpolation (Gl) enhanced Quantum Parameter Adaptation

Trainable Trainable
I I
[ | [ |
_________________________________ X L
|O> é— Ry ‘E /ﬁ P EHE B B B B Ny
E ; . MLP @
. ' |
|O> E_ Ry A4 l ] /ﬁ : ; - 0
: E ' R !
10)i R — AT
: Y : I
R D !
. s | S 4
0 i~ R, : A
---------------------------------- Gl Model

QNN
with N = [log, n_, | qubits

Generate measurement

probabilities for unmeasured basis

(This work)

QNN generated
context vector

e N
(L), [y lw (@) )
\_ _J
a )
(1), [{chs | (@) *)
\_ )
a )
(I s), {3 lw (@) *)
\_ )

E| Gu ) | (D, | W (0)) @ —

Add random interpolation ?

Trainable

[ |

(~ )
— —

MLP

—b —
—> 0‘ 0:0: —>
—_

_ y
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Mapping Model

Generate chunked parameters

( )
( )
Chunk 1
\_ _J
( )
Chunk 2 PEFT
> < Parameters
Chunk 3
\_ _J
: LoRA, DoRA.,
Prefix-Tuning,
[Chunk nCh] Adapters, ...
\_ _J
Original QPA

HER:

pr

\j’ ;S
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Transformer
Blocks
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Text Embedding
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Learning Representations

Generative approach A ICLR

Result of Generative Interpolation (Gl) for few measurement shots

! 1.675 - -
@
> 102 _ ‘\.\‘\‘ \\\‘ 1-650 -Q +
.-E ‘1“ ‘\\ \\\\ \‘\\ O LO RA
@ ' Exact measurement
o R
O AU 9 Nepor =20 x 2N
o L | -
K* \ | N “+_ nshot — 40 X 2N
3 - 1.575 - 0
510t & - @ Nypor=1x2"
- “\ \\ T T T T T | T T
\ o B N
= : ® 6x10* 105 2x10°3 % 105 @ nNspot=1x2N, with G
A *'
L Tl e e T8
oBO—-0 S, B—O \ © O O
. . . . . | . . . . . . . . |
10° 10°

# Trainable Parameters
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