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Quantum Computing has Ubiquitous Potential Applications

Machine Learning Pharmaceutical Climate
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Development Roadmap

2019 @

Run quantum circuits
on the IBM cloud

Practical Quantum Computing is Getting Real

2020 @

Demonstrate and
prototype quantum
algorithms and
applications

On target @

2021 @

Run quantum
programs 100x faster
with Qiskit Runtime

Executed by 1BM @

2022

Bring dynamic circuits to
Qiskit Runtime to unlock
more computations

2023

Enhancing applications
with ela computing
and parallelization of
Qiskit Runtime

2024

Improve accuracy of
Qiskit Runtime with
scalable error mitigation

IBM Quantum
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tions with circuit knitting
toolbox controlling
Qiskit Runtime
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Beyond 2026
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Quantum Computing Basics

* Quantum Bit (Qubit)
* Statevector: contains 2" complex numbers for n qubit system

* The square sum of magnitude of 2" numbers are 1

* 1 qubit: ao ag, 0 c (C >y
ai |CL()|2 + |a1|2 =1
* 2 qubits: ab

a1 ap, a1,02,04d3 c C

az| |aol* + |a1|* + |az|* + |as]® = 1
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Quantum Computing Basics

* Quantum Operations (Gates)

* Quantum algorithms apply gates to qubit to manipulate the quantum states

[1 0 0 0 |
0 1 0 1 0 0
A = 1 0 CRX(0) = 0 0 cosg —1 sing
(0 0 —ising cosg |
" Encode Apply Measure
Problem : i Operations to : i Qubits
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Quantum Computing Challenges

¢ Rellablllty Single-qubit Pauli-X error CNOT error

* 1Q gate error rate ~10-3 Avg 1.718e-3 Avg 6.9736-2

* 2Q gate error rate ~1072
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Error Correction

* Trade redundancy for reliability

* |n the classical case

Noise Majority

00000 00110 20>

00000
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Quantum Error Correction

* Difference
* Both bit flip (O to 1) and phase flip error (1 to -1)
* \We need two dimensions of the error correction

* One checks X dim and one checks Z dim
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Quantum Error Correction

* Difference
* Cannot directly measure the quantum information

* The redundancy is on the basis of information, not information itself

* Jp=ap|0>+a,|1> ao ao,al - (C
* |0>=1[10]"
2 2 __
o [1>=[01]" a1 ap|” + |a1]|* =1

* Due to non-clone theorem, cannot get q, that is exactly the same as q
* However, we can get a, |00> + a,|11>

* For more qubits a, |00000> + a, |11111>
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Quantum Error Correction

* \WWhen bit flip error occurs

° a,[10000> + a,[01111>
* \WWhen phase flip error occurs

* a,|00000> + a,|-11111> = a, |00000> - a, [11111>
* How to know where is the error?

* Check the qubit parity

a, |00000> a, |10000> a, |01000>

Parity = 0 Parity = 1 Parity = 1

* We use some qubits to store information and some obtain parity (syndromes)
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K)

Surface Code

* Data qubits (white) store information distributedly

* a,|/0000000000000000000000000> +
a[1111111111111111111111111>

* Syndrome Qubits (Green): check bit flip parity
* Syndrome Qubits (Yellow): check phase flip parity

Torch
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Qubit

X-type Z-type
‘ Syndrome O Syndrome
Qubit Qubit

Mir FIAN LAl

11



Syndrome Extraction

* Syndrome Extraction process

O {Ho-pPP<
Qo 29— w
o] © ’ 10 0z,)
G—@ © - -1 jeg)
@ ¢ .
8 repeat -
@ -
W © N )
Q ® D 1T, )
\ © & —1:[¥x_)
b)—d) U Nata X-type Z-type
@ D - Qubit . Syndrome O Syndrome
- repeat - o Qubit Qubit
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Surface Code

* Example of indicating X error from Z

O Data Qubit ‘ Flipped Z-type

X Error Syndrome Qubit
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Quantum

Mir FIAN LAl



Surface Code

* Example of indicating X error from Z

7 =7
Sigioiel:
SpeLolere
AT

. Data Qubit ‘ Flipped X-type
Z Error Syndrome Qubit
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Challenge of QEC

* Complicated syndromes

Odd number of Even number of
fIiperemains flips cancel out

_J

—
Parity Check
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* Degeneracy

Challenge of QEC

Data Qubit
O X Error ‘

Flipped Z-type
Syndrome Qubit

O Data Qubit ‘ Flipped Z-type
XE Syndrome Qubit
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Challenge of QEC

* Complicated graph for practical case

* Multiple rounds of extraction

* Extraction itself may contains errors

time (round)
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The iterative correction process

* Quantum Error Correction

‘ule’

Error correction code running on quantum '.C?: Decoder running on classical

X-type Z-type : , : :
Data Data Qubit Flioped Z-tvpe Data Qubit Flioped X-tvpe
; Syndrome Syndrome () . PP yp . ’ PP ypP
O Qubit O yQubit O yQubit X Error Syndrome Qubit Z Error Syndrome Qubit
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The iterative correction process

* Quantum Error Correction

‘ule’

Error correction code running on quantum '.C?: Decoder running on classical

Error Syndromes

X-type : ,
Data Data Qubit Flioped Z-tvpe Data Qubit Flioped X-tvpe
Ot @ syncrome @ syncrome @) @ [rreiZire @ @ (lped X4yp

Z-type

Qubit Qubit X Error Syndrome Qubit Z Error Syndrome Qubit
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The iterative correction process

* Quantum Error Correction

‘ule’

Error correction code running on quantum '.C?: Decoder running on classical

Error Syndromes

Correction Operations

X-type : ,
Data Data Qubit Flioped Z-tvpe Data Qubit Flioped X-tvpe
Oaity @ syncrome Q syndrome @ @ [iredzZipe @ @ (lrped x4y

Z-type

Qubit Qubit X Error Syndrome Qubit Z Error Syndrome Qubit
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ML-based Decoders

* Reduced decoding time

* Adaptable to various noise models
* Easy for retraining for performance optimization

* Different models has been proposed

* MLP, 3D convolution, Graph Neural Networks
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Challenges of ML Decoder

* Large training cost for different distance of QEC codes

* Efficiency and speed of the ML model

Torch
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Proposed Transformer Based QEC

* Easy transfer learning between different code distance with Transformer model

* Specific hardware accelerator for Transformer ML

Torch
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Ky

Model Architecture

* Transformer-Encoder to process the input syndromes

* Transformer-Decoder to predict the error on each of the qubit
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Input Features

* Features contains the locations and the binary syndrome value

* 3D positional positional encoding

Channel 1:

X Syndrome Pattern

[N, 6, T, R, C]

5-D Tensor Representation of the Temperal
Syndrome Evolution Pattern

C

Channel 2:
Z Syndrome Pattern

C

L QD .

-+--+-- 70 @ ¢

Extract iInput features for timestep |

t from a 6 X6 grid

\} .) Torch Syndrome Encoder
. Quantum
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Transformer based QEC decoder

* Transfer learning to other code distances

- ~ - ~ Predicted Errgrs - ~ - N Predicted Errors on Data Qubits
b, b, (=2
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Whole Pipeline

* One final layer of global decoder for the

lobal
~. Harity

OOOOCIIN
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-
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Syndrome Qubits Predicted Errors
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Accuracy Results

* Low logical error rate with QEC

— D=3
— D=5
0.20 — D=7
— D=9
9
@ 0.15
e
S When physical error rate is
LL] smaller than threshold:
— larger distance reduces
@ 0.10 .
% logical error rate
O
—
0.05 When physical error rate is
' larder than threshold:
lardger distance increases
logical error rate
0.00 threshold 0.038

0.01 0.02 0.03 0.04 0.05
Physical Error Rate
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Accuracy Results

* | ower logical error rate than baseline methods

Logical Error Rate |

Distance Phys. Err. Rate UF MWPM MLP TT-QEC
3 0.0500 0.16745 0.14063 0.14794  0.13005
0.0100 0.01039 0.00800 0.00903 0.00784

5 0.0500 0.24120 0.17279 0.20888  0.17232
0.0100 0.00406 0.00268 0.00443  0.00254

. 0.0500 0.29813 0.20178 0.28454  0.20590
0.0100 0.00113 0.00064 0.00197 0.00059

9 0.0500 0.35250 0.23161 0.32770 0.23144
0.0100 0.00028 0.00002 0.00017  0.00001
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How to further improve the efficiency of
ML for Quantum Science?
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Classical Accelerator Supp_ort
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SPATTEN

Cascade Token/Head Pruning

Sparse Attention 8 heads \ Head 8

c
Q 8heads
Query f‘g 11
) Row-wise
\ >11
Softmax
2
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2
Key ©
- Attention Attention ,
- S Probabilit Compute next layer’s
Lore robabiiity Query, Key and Value
Attention Probability *
Value

11 tokens
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SPATTEN

Cascade Token/Head Pruning

Sparse Attention ) 8 heads 8 heads

Query

11 tokens—
11 tokens—

FFN

Attention

Key

11 tokens
11 tokens

Value

11 tokens
—11 tokens

Layer 1 Layer 2
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SPATTEN

Cascade Token/Head Pruning

Sparse Attention ) 8 heads 8 heads 8 heads
® Q Q
2 X - > _
Query 9 [ o
| |
) ) )
E: Attention FFN E, Attention FFN E,
Key © QKV EC, S B QKV EC. S N
) ) )
C c c
k- k- k-
Value 9 =] [
Layer 1 Layer 2 Layer 3

°* Not all tokens/heads are created equal
* Find unimportant tokens and heads in front layers

i * Remove them in latter layers
\ ') Torch
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SPATTEN

en/Head Pruning

Cascade Tok

Sparse Attention e_heads G-heads g
lé' 7
< 5
Query S ;é
- P
c ~ FFN |,
Q Attention QKV FC <
Key © X
- Get v
Token/Head
Importance
scores
2 Prune R
< Unimportant o
Value © X
h Tokens/Heads 8
[ |
11 tokens, 8 heads 3 tokens, 6 heads

Ao *. Torch
&Quanwm i FIAN LLAl2



SPATTEN

Cascade Token/Head Pruning

Sparse Attention ‘ 8 heads ‘ 6 heads ' 4 heads
3 - c
Q S $ g
uery O S S
\: Tp) N
2 _ FFN " _ FFN " Attention
9 Attention QKVEC 5 Attention QKV FC 5 FFN
Key O - X T X . ge
h ke [<) Classifier
- Get To) Get o~
Token/Head | Token/Head
Importance \ Importance
scores scores
2 Prune " Prune "
2 Unimportant o Unimportant o
Value © X >
= + Tokens/Heads 8 Tokens/Heads 8
[ ' | |
2 tokens, 4 heads
11 tokens, 8 heads 9 tokens, 6 heads

Y ‘) TercPruned tokens/heads will never be used in all following layers: “Cascade”
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SPATTEN

Cascade Token/Head Pruning

Sparse Attention ‘ 8 heads ‘ 6 heads ' 4 heads

3 - c

Q S $ g

uery O S S
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Value © X >
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11 tokens, 8 heads S5 tokens, 6 heads

Y ') TercPruned tokens/heads will never be used in all following layers: “Cascade”
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Find Unimportant Tokens with
Attention Probabilities

* |f one column in attention probability is small: the token is unimportant to all other tokens

ses asesm
Sparse Attention

* Maintain an importance score for each token

* Accumulate attention probs to the importance scores

* Top-k scores indicate top-k important tokens

0.25

- 0.10

>

ks

0.20 _E

()]

. >
Row-wise ®
0.15 o

Softmax g
- )

(&)

(&)

<

- 0.05

Importance Scores

. SRR AU, AU, AU, A

Small score tokens can be pruned away

Attention

\Y *. Torch Probability
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SPATTEN

Sparse Attention

K)

Quick Select

* Top-k Engine has high-parallelism

* 16 ‘<’ comparators and 16 "> comparators in Quick Select

* Compare the elements with pivot in parallel

Torch
Quantum
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SPATTEN

Dedicated Accelerator

Sparse Attention

* Pipelined architecture to improve the throughput
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SPATTEN

Performance Comparisons

ses eses
Sparse Attention

* Over general-purpose CPUs/GPUs on attention layers

* SpAtten applies all algorithmic optimizations m Over TITAN Xp GPU
* 30 benchmarks average m Over Xeon CPU
Over Nano GPU
10000 m Over Raspberry Pi CPU
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SPATTEN

SpAtten Transformer Accelerator & Chip Tape-out

Sparse Attention

* Transformer accelerator leverages attention sparsity for better efficiency

* Achieve 0.6ms latency, 1.6ud energy for one round of correction
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Compilation stack il [ESREeeWaeE == | Efficient machine
and hardware e b o learning algorithms
accelerator for fault and systems for
tolerant quantum : quantum information
computing science
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Thank You!

Hanrui Wang is on academic job market this year,
please reach out for any opportunities.
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