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Quantum Information, Computing & Control Theory Group

In our group, we are researching classical ML for quantum control, quantum error correction,
quantum machine learning, neuromorphic computing, ML for Photonics/CMP, etc.

e N \
Quantum Control Quantum Error Correction
-/J \/\ j Designing control pulses and Protecting fragile quantum information

feedback strategies to steer against noise, decoherence, and
quantum systems with high fidelity. gate errors.
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|0) Quantum Machine Learning AlE Quantum Neuromorphic Computing

Using quantum systems and &_ Developing brain-inspired quantum
|1) — A\~ algorithms to enhance learning, architectures for adaptive information
optimization, and data analysis. processing.

-
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f
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Machine Learning for Photonics

Applying Al/ML to design, optimize,
and control photonic devices
and experiments.

Machine Learning for CMP

Applying machine learning to condensed
matter problems such as phase identification,

materials discovery, and many-body physics.
e 4 Y,

Website: https://sborah53.github.io/QuiICCT
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Classical vs Quantum Data and Algorithms
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Type of Algorithm / Processor

Y

=
Classical Quantum
B )
Classical data + Classical algorithm Classical data + Quantum algorithm
Examples: regression, Examples: quantum kernels,
classification, CNNs variational classifiers
T\ S
WA 2)
Quantum data + Classical algorithm Quantum data + Quantum algorithm
Examples: state tomography, Examples: quantum autoencoders,
QEC decoding, Hamiltonian learning quantum simulators
NS 4

In this talk, | will mostly be focussing on the QC, i.e., Quantum Data + Classical algorithm.

Sangkha Borah (IIT Hyderabad)
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Quantum Technology: Promise and Challenges

Quantum Quantum Quantum
Computing Communication Simulation

Quantum technologies open multiple frontiers of applications across computing, communication,
sensing, simulation and materials, among others.

Quantum
Metrology

Quantum
Materials

A central challenge is achieving precise and robust control of quantum systems in the presence of
noise, decoherence, and hardware imperfections.

Developing reliable control methods is therefore essential for turning quantum promise into practical
technologies.

The realization of practical quantum technolgies will depend crucially on ingenious and
reliable control protocols.

EPJ Quantum Technology 9, 19 (2022)

Sangkha Borah (IIT Hyderabad)
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Sangkha Borah (IIT Hyderabad)

Why ML helps in Quantum Physics

Three bottlenecks make data-driven tools valuable alongside physical models.

Machine Learning for Quantum Technologies

N\ N\ )
Exponential state space Imperfect, drifting control Limited measurements
./‘\. Qi1 -+ Q14
Q/\Q ./ \0 /\/\/\/\ m o0 0 —m> oo,
/\ 1\ AN AV I & '
® o0 0...000 ©o¢ || @ TTTmmm—m—m—maaao Q41 -+- Qdd
A generic N-qubit state has 2N Hardware parameters and noise Tomography infers p from many
complex amplitudes. change over time. finite-shot outcomes.
At N = 50, double precision Data can calibrate effective The inverse problem becomes
needs about 18 PB. device models. costly as systems grow.
. J J W,
( v l l .
A complementary ML toolkit
Learn useful predictors, controllers, and compressed representations from data.
Combine them with physical constraints and validation.
L J

DA



Two Technologies of Contemporary Times

MACHINE LEARNING

Algorithms that

QUANTUM COMPUTING
learn patterns from

data and make

of classical computers

Computers that harness
quantum mechanics:
superposition and
) ) entanglement to solve

intelligent

e problems beyond the reach
predictions

AN o/’.’ﬁl :

<
Nobel Prizes in

| 4
*{, Physics and Chemistry Qﬁ‘f 5
John J. Hopfield

Geoffrey E. Hinton
Nobel Prize in Physics 2024

\\\ ——
Nobel Prize in Physics 2024

Nl -
David Baker Demis Hassabis
Nobel Prize in Chemistry 2024
ML learns from data, and QC computes with nature. Together, they shape the future.

John M. Jumper
Nobel Prize in Chemistry 2024

Nobel Prize in Chemistry 2024

Machine Learning for Quantum Technologies

DA



Quantum Computing: The State of Affairs...

programmable superconducting processor
Nature | Vol 574 | 24 OCTOBER 2019

Quantum computing is transforming from demonstrations to fault-tolerant operations.
Quantum supremacy using a

(O 200 seconds vs 10,000 years

IBM classical cluster: 2 days

P

e Quantum computing takes flight
“The field is moving from
A

54

scientific milestone to real-world impact.

— William Oliver

Sangkha Borah (IIT Hyderabad)

Quantum error correction below the
surface code threshold

Nature 638 (2025) 920-926

Google

q Quantum Al

Willow

@ Benchmark: 5 minutes vs 10 septillion (10%°) years

{io"k Key enablers for progress

(1) Hardware development and

Coherence time (T,)
-

Sycamore (2019): ~20 us

(2) Reinforcement learning

Machine Learning for Quantum Technologies

Willow (2025): ~100 us
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RL Fine-Tuning of QEC

Syndome data guide continuous control updates during QEC

Classical controller

M 10100110 Reported result: 3.5x improvement in logical stability
against injected drift

1.0 —\\ 1.0t ~
> @ Calibration N
\\{ ’ " - \‘\
N ® RL fine-tuning <O~
Detectors % S % 0.7 o %o
e = ook N)w | .
"—“:i%?‘? (| 2 . 2 05 S,
NI i AN Q \ Q -
m\\@&% = N 2 Sa, e
AN ‘t\\\‘ WY
\i‘}}@%&{ﬁ@&g}\&\ S il \ < .\\ QO B S ~.
VURDRANEN > O " % 2 '\
.‘Vf‘(}‘r@h‘*@&\\@Q \ 9 N y =
’/&\’J}‘;‘M}&ﬁi N » 0.3F &
M‘%@ AN \ o
\ }\\\ | L | ?\‘ L | |
\ N\
‘ MR IR 0 50 100 150 . <3 ot
li A \ V QEC cycle QEC cycle

Google Quantum Al, Nature (2026). https://doi.org/10.1038/s41586-026-10759-2

Control parameter space

= £ HAC
Sangkha Borah (IIT Hyderabad) Machine Learning for Quantum Technologies 8




From neural wavefunctions to reinforcement learning for quantum control and error correction
2017

Classical ML for Quantum Physics: A Short Timeline

Neural quantum states

Classical neural networks

2021 T
Measurement-based
feedback control Google: below
surface-code threshold
Deep RL uses continuous : :
parameterize many-body RN IR el Increasing code distance
wavefunctions. a nonlinear quantum system. suppresses logical error in
a superconducting processor.
Borah er al., PRL 127. 190403
o @ @ ®- o
¢ © ? N
2018 2023
RL for quantum GKP QEC beyond
feedback & QEC break-even
A neural agent learns Real-time feedback extends
error-correction and the lifetime of a bosonic
feedback strategies.
References:
Carleo & Troyer, Nature Physics (2017)
Fosel et al. PRX (2018)

logical qubit.
Sivak et al., Nature (2023)

Google Quantum Al, Nature (2025)

Borah & Collab, PRL 127, 190403 (2021)
Borah & Collab, PRL 134, 020601 (2025)

Machine Learning for Quantum Technologies
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Foundations of Machine Learning (ML)

Supervised Learning Unsupervised Learning \ ( Reinforcement Learning (RL) o
‘ Action a,
|
| Reward r,
| <
Learn a mapping from Find hidden structure or | : Agent Observation 0, Environment
inputs X to labels y. L patterns in data x. ) | L (Learner) (World) )

e ML is a subset of Al that Supervised learning: Labelled dataset

ARTIFICIAL _ . _
INTELLIGENCE learns from data 2 = {(x;y)}, where i = 1,2,....,N (data index)

* There are primarily three Unsupervised learning: Labelled dataset
MACHINE

LEARNING types of machine learning, 9 = {(x,)}, where i = 1,2,....N (data index)

- depending on the training  Reinforcement learning: No predefined data,
LEARNING method and the type of

data available.

the agent learns by itself through experiments on

the environment.
- = T ©vao

Machine Learning for Quantum Technologies 10
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Application 1: Neural Quantum State (NQS)

A generic N-qubit wavefunction needs

exponentially many complex

amplitudes

N qubits, o € {0,1)" [¥> =3 _ colod

TYIY

Complex amplitudes
N
c, € C?

N =50 — 2%

complex amplitudes

dim H =2V
250
250
4 40 | 40
g 2, 2
%—
230
g 230
= 10
S 210 2
10 20 30 40 50

number of spins N

Sangkha Borah (IIT Hyderabad)

= 18 PB
at 16 bytes
per amplitude

(o) —_—

(o] —

° —

ENTER NQS

Yg(0) = NNg(o)

16| « 2"  polynomial in N

variational compression of the Hilbert space

[Carleo & Troyer 2017 - Science - the seed paper.]
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Application 2: Quantum State Tomography (QST)

Reconstructing an arbitrary density matrix requires exponentially growing data & computation

p
YR RAE N 'PI
T : WHY IT IS HARD
estimate

p € €™ — | M, pI_Lll.J_I_. — | =p has d* — 1 real parameters
= = outcomes P(M1, s5diy MI()
d=2 M p « 4" — 1 real parameters
/8 .
outcones = Full tomography is hopefully for
8 n) > —
OBJECTIVE: Flp, p) 2 1=¢ N <20
BORN RULE: pr = Tr(M, p)
COMPLETENESS: Y. M, = I
o 18%} ML LANDSCAPE
,3 1010 } full tomography ; ;
S oV Estimate p in poly(N) when the state has
9 108 |
%, 6 classical shadow structure ML can find.
o) 10° 2
0 ~ log(d) / €
10 |
S
o4 107} neural tomography Reference: Torai et al., Nature Physics,
g 100} —a———— oy
h : - . - : : 14, 447 (2018)
1 5 10 15 20 25 30
# qubits N

Sangkha Borah (IIT Hyderabad)
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Application 3: Reinforcement Learning for Pulse Discovery

control action

a N\ Wy = ]RK r w
AGENT (pulse amplitude / phase) ENVIRONMENT
>
policy mg (u, | 8;) quantum hardware
(or simulator)
. ) L )
A

+ reward r; = AF

z
A
state observation
8t=((X)’<Y>7 (Z)at) ’y
X

g 4 - il M AN N o M TH B
2 J- ] ot
objective: J(@) = E [ Z 'ytrt] B (R e “Liﬁ"—
t SH 0 1 Jr _I'J L sessssinnil
B .JJ-H"‘:::::%:HE:’ &
s LT 4 | ]‘-
H=—o0,— h(t)o, A i |
—4 i IR e ) L oy
0.0 0.5 1.0 1.5 2.0 2.6 3.0

Reference: Bukov et al., Phys. Rev. X 8, 031086 (2018)

Sangkha Borah (IIT Hyderabad)
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First demonstration of RL for QEC

r~

Application 4: RL for Quantum Error Correction (QEC) - |

after 60 epochs
—) ¢
\.// qubits
‘(;E G‘ ~ - noise |
RL-agent RL-environment
Actions: ,

- AR T ae

@ CNOT Scalability —C—Q : D

X | bit-flip Problem time step

Zz-msmt

Machine Learning for Quantum Technologies

Fosel et al. from Marquard group: Phys. Rev. X 8, 031084 (2018)



Application 4: RL for Quantum Error Correction (QEC) - Il

e e, I S L e e e e e e i e e e e T e S e e T e e

iRL I Bravyi 81] Bl A-G [78] -StabGraph [85] -QMAP [82] 50¢F -
| 100 o [ (1,0)
150( - o 45 (2,2)
Q = = N [
N |Eow : LZIN:
_; 100-:%00.25 20:-0 -lé 40' ( )
0.00 < O I 14,0
é . £ 35¢ (22,0)
b [(5, 1,311 [[7.1,3]] [[9,1,3]] [[15,1,3]1[[17,1,5]] [ d
Perfect Steane Shor Reed-Muller Color .
| ) o 0 11 12 13 14 15 16
References: Recent works from Marquardt Number of physical qubits
group @MPL  benar
'logical qubits:i
Zen et al. PRX 15 (4), 041012 (2025) = Logical state preparation i - k=] '
Olle et al. npj Quantum Inf 10 (1), 126 (2024) » QEC Code discovery | = k=2 E

________

Borah et al. to be out soon

Sangkha Borah (IIT Hyderabad)
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Application b5: RL for Measurement-Based Feedback Control - |

Borah & Collaborators, PRL 127, 190403 (2021) Untrained agent
( . N Fidelity = 0.0% | _
Quantum object under - - N NN,
. . o \AAAT | ' ,“’ A\ "|‘ Il J
continuous monitoring o \ an o UV | VI [
- 028 N nnqu [ ]
(continuous measurement) = Q . § oS | | | ;'
V (x) v oné | h 2- ;:: ‘l “I‘I \y‘ I[
A . ” | - 1288 o ‘| / l\ 4'
g ase ‘i.'l - S ] |!1|'".'. R e % 3 3 3
N ' X X
\ Trained agent
I Fidelity = 92.334% R
| : 2 s A \
! ¥=- . s o |‘| "‘ |
_xo 0 +x0 X : = a1z - '1 .{ I‘, |‘|
E m‘ Q & § 3 :: %m |‘l lln "‘ \1
Measurement record: . - : [ [
data(t) = position(t) + noise(t) ” ‘ ] o wep [ o
k J :: 1| i v - - - - B - 0o —
o 13 n ﬁ m 5 @ 4 2 ; 2 4 4 2 x

© Quantum systems can be steered by RL to achieve high fidelity in reaching a target
Schrodinger-cat-like state, even when continuously monitored. L

Machine Learning for Quantum Technologies



Physical system

Application b: RL for Measurement-Based Feedback Control - |i

Improving the tranining efficiency and accuracy of the RL agent
p(0)

] Estimation
Estimator
p€(0)

t for evaluation episode
0 2 4 6 8 10
ra\ L0 oty e ——— 1.0
152 | |
‘\»A\‘) 0.8 Evaluation of 10.8
& [ the trained ]
— 0.6 model Learning curve 0.6 —
l L. l - (training of the 1 M
4l RL-agent) 14
e ~ - i
p(1) p) ~ p) Controller ' I
- ! 10.2
Z(t) AD): | :
o W 0 100
10?
Number of training episodes (V)
\ &
80,___:.———-""":::
Control Q&F
Reference: Borah & Sarma, PRL 127, 190403 (2021)
Sangkha Borah (IIT Hyderabad)

Due to the “digital twin”

Machine Learning for Quantum Technologies
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Application 6: Machine-Optimized Pulsed Cooling

; : Exploit full light-matter interaction (beyond
v, genegﬁ;‘e%esistem RWA) greatly enhancing cooling speed
of similar
| interacton @ JaBRWA RWA o
i System Hamlltomain . 1 0_1_;
= Aa'a + Q,b'b + (Ga + G*a') (b + b) §
) -2
2 1074
(Gab' + G*a'd) + (Gab+ G*a'db') :
W = s 1 =3
Energy-conserving Energy-non-conserving 2
! ' 1044 U L
(Photon_ 5 T . T T T T 270°
w, Was W, Ws 00 05 1 15 2 25
. phonon
o WV}VW CAAAA WM\\I\/\N\? scattering) twb/(z”)
é 2, Q, Q, Q, =L r j
S | anti- b= £ Final photon number Cooling rate
O | stokes Stokes | ® & my, 1
s N, = —— s e
ol P > hy ny
LIRS &S (Normalized tothermalocculatiorb QHigher is better)
RED-detuning A = Q,, BLUE-detuning A = -Q),, -
Reference: Borah & Collaborators, Phy. Rev. Res. (Letter), 4, L042038, 2022 _ _ = hao
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Application 7: RL for Discovering Faster Gates

_ 100 -
Agent Observation =4 BNEavrenmant : —e— Auto-diff
ﬁ‘ <% . ® RL
Q 10-1- —o— RL + Auto-diff
i :
"
O 2 102
O o . @
@) Action Ciz u—
[ 10—3 0
O ¢c,ext -
N s
iff‘.tQ’,if:, y 10_4
@
hﬂ B Reward -
10->- ~ - - ' ~ -
10 12 14 16 18 20
Sarma & Hartmann, Phys. Rev. Applied 23, 014015 (2025) Gate time (ns)
Two-Qubit Gate Comparison
h ~1.00% 0.33%
£
33 20 <0.01%
® ~0.40%
© L e
0 -
This Work This Work Google Google
(RL-only) (RL + Gradient) Sycamore Willow Ha

Sangkha Borah (IIT Hyderabad)
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Application 8: QEC with Noisy Syndromes (Continouus QEC)

Experimental demonstration

Continuous quantum error correction

has been experimentally demonstrated
for a three-qubit bit-flip code.

Nature Communications 13, 2307 (2022)

Noisy stabilizer measurements

S1(t) = (ZZI) (t) + 6 & (2)
Sy(t) = (IZZ) (t) + 6 &,(2)

\

v

I~ signal processing / estimation

v

7

@ estimated syndromes /
inferred error probabilities

Three-qubit repetition (bit-flip) code
Q1

Q2 Qs
\ /
\ > /7

(ZZI) (1Z7)

[ ] Stabilizer ZZI | | Stabilizer IZZ

N
Our work: measurement-based estimator scheme for continuous QEC RL
e A 2) can
111 Real system syndrome measurement outputs Estifnatat t th
£ @ —  Three-qubit device Infers likely error location act as €
g S =  under continl.Jous (and probabilities.) and . “digita]
error correction feedback / correction generates correction actions o
\ J /| twin” for
| F(t) = MOXIT + MIXT + X3()IIX ) Contiuous
The estimator converts noisy syndrome streams into real-time error-detection and feedback signals. QEC
\_ J
Borah & Collaborators: Phys. Rev. Res., 4, 033207 (2022)
= = = Qe
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Application 9: QEC for Gottesman-Kitaev-Preskill Code - |

D:] Encoding a qubit in an oscillator

Daniel Gottesman, Alexei Kitaev, John Preskill
Physical Review A 64, 012310 (2001)

ol /

i J

N

oscillator using a lattice of states in
phase space

Im(a)

Re(a)

Sangkha Borah (IIT Hyderabad)

Real-time quantum error correction beyond break-
even

V. V. Sivak E, A. Eickbusch, B. Royer, S. Singh, |. Tsioutsios, S. Ganjam, A. Miano, B. L. Brock, A. Z.

Ding, L. Frunzio, S. M. Girvin, R. J. Schoelkopf & M. H. Devoret &

Nature 616, 50-55 (2023) | Cite this article

o Ty= 1360 £30ps « Ty » Ty = 2200+ 30ps

N

11 GKP qub

O

vvvvv

llllllll
-----

i
F lifetime (ms)

100 QEC cycles

0 1 2 3 4 5 6
Time (ms)
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Application 9: QEC for Gottesman-Kitaev-Preskill Code - |l

Ancilla qubit

Projective
measurement

and reset

Oscillator mode

(1) Qubit is projectively measureed and reset.
(2) Learn to control the oscillator state.

(3) Measurements are performed at times ¢,

t,, -+ ty, yielding outcomes m,, m,, ---, my

m={+1,=1,0+,4+1,=1,=1}

Sangkha Borah (IIT Hyderabad)

References: Porotti et al., PRX Quantum 4, 030305 (2023); Borah & collaborators, PRL, 134 (2), 020601 (2025)

Gradient-

Feedback-GRAPE —

based optimal
control

Feedback on

strong

measurements

Trajectory-averaged reward

R = (R(m)), = 2_ P(m) R(m)

This yields the working formula for Feedback-GRAPE:

OR _ (o)) (e

81n Py(m)
90

)

Parameter Update Rule

OR
0+ = ) 44 <_)
00 /.

The control parameters @ are updated iteratively using gradient ascent:

Machine Learning for Quantum Technologies
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Application 9: QEC for Gottesman-Kitaev-Preskill Code - |l

& Average fidelity vs. time h r Average lifetime across noise regimes )
1.0 - 1400 - BB Theory
J’% ® non-Markovian feedback "_g 1200 4 1155 Hl RL
0.9 6\. ® Markovian feedback % : Bl vF [Markovian feedback]
"-E 08\8_8‘.\. o standard (RL) O 1000 S 2% B NMF [Non-Markovian feedback]
£ 0.8 4 Oo‘.‘ o
S %0, 5
= o =
S 0.7 E
< 0.6 o
©
2
0-5 1 1 T T 1 <
0 200 _ 400 600 800 1000 Low noise Medium noise High noise
S Time (full QEC cycles) ) e )
- D 4 .
: SN Noise parameters ™
@ We obtain more than a 2x lifetime Tcycl': 50 o
improvement over the standard strategy, et T, [Teycle T1 [Teyolo T
corresponding to over 4x lifetime beyond Low [10] 61 28 23.8
break_even. Medium 49 10 12
High [5] 24.5 5 6
0 This improvement trend persists across (10] Nature 616, 50 (2023)
{ different noise levels. | 151 Nature 584, 368 (2020) )

References: Borah & collaborators, PRL, 134 (2), 020601 (2025)

=» «=» T 9DaAC
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Application 10: Machine Learing for Quantum Sensing

Controllor

Pulse Modulator

f

Process
Unit (Algorithms)

AAA_

control pulses

information
=

retrieval

Quantum system

-

Qubits

0.1 : ; r
400 s 0 I_II_'_I_|=-—- [] 10°
L -
-0.1 ; . .
300 5 10 15 20
= —— A3CLSTM -0.45F ' ' '
—_— Xu's proposal 1 — o
LI— — A3C :N _05 — LL 1 0
200} Cross-Entropy RL . | — = L @]
QFI with no control -0.55 . L .
1 —==QSL . ' 5 10 15 20
—~— ———— o4 ¢ A3CLST™M
100 ' i = Max QFI (Quantum Speed Limit)
s 0 I_II — 10" f QFI without control
: ‘ , ‘ , 01 pr—— , . .
0 100 200 300 400 500 5 10 15 20 5 10 20
Episodes

Xiao et al., npj Quantum Inf. 8, 2 (2022)

Sangkha Borah (IIT Hyderabad)

Times Slots (N=20)

Times Durations (T)

Machine Learning for Quantum Technologies
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Application 11: Machine Learning for Experiment Design

coupling J cavity frequency Q noise e 4

Baye51'a ! ain aout
posterior
distribution

measurement setting X

measurement outcome
= Outcome choice of external drive frequency response a,,,
- requency a,,

(amplitude and phase

Measurement

Quantum

Parameter distribution
probe

(cavity frequency)

/“\ Neural Network
\
/o~

(1

| measurement #15 |

Control
electronics

Physical .%

System

Sara & Marquardt, Mach. Learn.: Sci.
Technol. 4 045022 (2022)

Belliardo et al., Int. J. Quantum
Inf., 22, 6 (2024)

.
T

s

Sangkha Borah (IIT Hyderabad) Machine Learning for Quantum Technologies
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Conclusions

quantum technology.

Control / Action

pulses, parameters,
decisions

p

Machine learning has been applied to solve a wide range of complex problems related to

Quantum device \\/ Machine learning /Al
(system / experiment)

Data / Feedback
measurements,
outcomes, observables

Outcomes: Higher fidelity,

| anomalies.
Q —
reduced experimental cost, faster discovery, scalable quantum technologies.

(models / algorithms)

——

representation

Learn compact models of
quantum states (pure or

mixed), e.g. p or |Y).

Parameter estimation
Estimate unknown
parameters from
limited data.

Interpreting measurement
data

Infer observables, extract
features, and detect

Hardware-level quantum
f I l I control

Quantum technology tasks enabled by ML/AI
@ Quantum state |

Discovering quantum
:—t Ut protocols
O

Design efficient circuits

and control strategies for
target objectives.

Discovering experimental
i) setups
—=

Optimize layouts, settings,
and resource allocation.

Learn control pulses for
high-fidelity operations
and error suppression.

Machine Learning for Quantum Technologies
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