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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
\\
A 3
V()_C)) do—= @ Prediction
)

Schrodinger
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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-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
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Evaluate Gradients & Update Parameters 5), }7
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N-qubit Mapping model
with parameters y

Generate 6
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U(g) [
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[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
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Evaluate
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N =10, 2¥ = 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



Large Language Models (LLMSs)

Transformer-based LLMs

® 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.

GPT3 175B parameters

@ OpenAl
GPT4 1.76T parameters

00 Meta Llama-3 8B parameters

Llama-3 /0B parameters

2B parameters
Gemma /B parameters

Google

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

Text Embedding

Georgia Institute /4
of Technology ¢

GPT2-XL
1.5B parameters

LM Head
80M parameters

4 O

Transformer
Part

\_ J

T
Text Embedding
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Quantum Parameter Adaptation

Trainable Trainable
| | LLM
[ * i |
QNN generated
...................................... X L context vector —_— / \
' 1 (~ rf \j ) Imhead
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QNN Mapping Model -

Generate chunked parameters

2 measurement probabilities € [0,1]

Text Embedding
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Trainable Trainable
| | LLM
I * I I * I
QNN generated
______________________________________ X L context vector - 1— K \
| A i 8 D e N r N Imhead
10) i R : (b b W@ ) | —> —» || Chunk 1
y
; _ J MLP _ y 4
: s ) a )
|0) R o : /ﬁ (12 (o lw (@) ) | =P —> Chunk 2 PEFT ( x
J : - D 1\ — » Parameters
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10) R, ; /7« . 8 p ch Adapters, ... \k 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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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.
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Quantum Parameter Adaptation

QPA on Prefix-Tuning and Feed-forward adapter.

Testing perplexity

NONNN

- N N w

Ul o Ul o
| | | |

GPT-2
w
e PT

-1 QPA

10°

10°
# Trainable Parameters

Gemma-2

1.54 -
1.53 - >
1.52 -
1.51 -
1.50 4 % PT

— 1+ QPA

10° 106

# Trainable Parameters

‘Foxconn’
GPT-2 Gemma-2
20 - —A— FFA 1.50 - —A— FFA
I QPA I QPA
1.9-
1.48 -
1.8 -
A 1.46 1
1.7 -
1'44_... A
10° 10° 10° 10°

# 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.
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Eftfects of QPA settings

(a) (b) (c) (d)
1.605
- QPA LoRA GPT-2 5 04 T QPAGPT-2 —[~ QPA LoRA GPT-2 —[~ QPA LoRA Gemma-2
10 40 A QPA DoRA GFT-2 | “O— QPA Gemma-2 1.600 - LoRA - GPT-2 1.46- LoRA - Gemma-2
\. 7/ QPALORAGemma-2 | 2 194 = Optimal
-(42 \\ QPA DoRA Gemma-2 E) ) 1.595 -
S 81+ KW 2 1.8 - 1.44 -
o 3 1.590 A
4 X A o 1.7 -
-
* 6- X 0 1.6 - 1.585 1.42 -
|_
X 1.5 - W 1.580 -
4- UL | T 1 T o T ™ T — T ' rrr? | T ' 7 1575 T T T T T 1 140 T T T T T 1
10° 106 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
10
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Reduced qublt count due to bdtched parameter ahn,
(qu'V 2409 02763) Low- rcmk adCIPtdhon ‘

: More expressive circuits have better QPA}
i performance

(b) (d)

— [/ QPA LoRA GPT-2 —{— QPA GPT-2 —+ QPA LoRA GPT-2 —+ QPA LoRA Gemma-2

—>¢{| QPA DoRA GPT-2 2.07 _5- oPA Gemma-2 :
~/\—||QPA LoRA Gemma-2 | 2 e Optimal — LoRA - GPT-2 LoRA - Gemma-2
“ ~=-! QPA DoRA Gemma-2 x 1.9 1
2 21.8-
> ' .
o o .
"'5 (@) 1.7 1
[
" g 16- | | \:\u
I_
1.5 - O\O_QL_O/O/O/O .
10° 106 1 2 4 8 16 32 64 64 128 256 64 128 256
# Trainable Parameters LoRA rank it 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
11
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Effects of quantum noise model from IBM quantum computers

Testing perplexity

Gr Georgia Institute
of Technology

5 % \\
Q\\ . I~ Noiseless (Ry + CNOT) AN
e\ i#— Noiseless (Rx + CNOT) 44 1
1024 WA @ ibm_torino noise model (Ry +CNOT) ! NN
'ﬁ ~@®- ibm_torino noise model(Rx + CNOT) 3 - E] e T
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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

# Trainable Parameters

applied at LoRA rank (r = 4), where n_, _is fixed atn, = = 20 x 2",

* On noisy simulator
12
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Effects of quantum noise model from IBM quantum computers

GPT-2
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NoisyTune: A Little Noise Can Help You Finetune
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Pretrained Language Models Better

Chuhan Wu'

Fangzhao Wu'* Tao Qi'
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National Taiwan University

Yongfeng Huang'

"Department of Electronic Engineering, Tsinghua University, Beijing 100084, China
*Microsoft Research Asia, Beijing 100080, China
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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.
e Characterizing the effect of real quantum computer noise on QPA.

I | I | ( \
---------------------------------- . [ 2 e ) e ) [ ~ | ) ]
— : —> —>

I = —— — ;
i a )

o E A | Il aixn | L ) .

E (- ) — ‘:«: :\:’ — ( R

B E /A \— W, .:' ~t"‘ \_ ) L Y
- A [ |- od D —
__________________________________ - 7 g \_ X Y,




