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What is the trend of the dataset size in modern ML / Al 7
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What about the size of the model? (# of parameters)

GPT-4 (1.75T)
@
1000
Megatron-Turing (530B)
» GPT-3 (175B) @
2 ®
O 100
-
O Turing-NLG (17.2B)
3 ®
@] 10 Megatron-LM (8.3B)
© @
op)
C GPT-2 (1.5B)
= @
5
Py BERT-Large (340M)
N O
N ElMo (94M)
- O - . .. ..
S @ How to optimize the loss efficiently and robustly?
= & Can we modify the model without losing much?
0.01
20138 2019 2020 2021 2027 2023 2024

Junhyung Lyle Kim Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



What about Quantum Computing?

#qubits &R R &R BEBEE  ABUBUBER AR IR AR LR AR R % 6
o0

R X 100 =
1.26765 x 10°"

complex numbers required to
describe the system classically!

@ How to process meaningfully in the current era?
& How to even store this amount of data?
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Exploding Data: Stochastic Gradient Descent (SGD)

Number of data

Size of model

\ IIllIl f(X) — Zf(X) f(-) evaluated at X
~~

cRPXP

with 1-th data point

Gradient Descent: ~ X,. 1 =X, —nVf (Xt) VX)) = ‘ V(X))
"=l
Stochastic Gradient Descent: Xt+1 = X N Vf ( ) ~ V£(X)
~ VJi

BUT:

. 1 too small: SGD takes along time to converge } . Proximal/implicit update

. 1 too large: SGD numerically unstable / diverge - Adaptive step-size
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Exploding model parameter: Factored GD

Number of data

Size of model

\ IIllIl f(X) — Zf(X) f(-) evaluated at X
~~

cRPXP

with 1-th data point

Gradient Descent: Xt+1 — Xt — N Vf (Xt>

1 n

Low-rank Matrix Factorization: — min  f{ UUT) = — Z fz( UUT)
Represent X = UUT UERP L

« Momentum

Factored Gradient Descent: Ut+1 — U ﬂVf(UUT U } - Stochasticity
- Distributed
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Road Map: Algorithmic, ~and Pragmatic Acceleration

- Algorithmic _'

Stochastic Proximal Point Method
with Momentum

Keyword: implicit method, acceleration, stability

[J. L. Kim, P. Toulis, A. Kyrillidis. “Convergence and Stability of the
Stochastic Proximal Point Algorithm With Momentum,” LADC 2022]
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“Convergence and Stability of the
Stochastic Proximal Point Algorithm With
Momentum”

J. L. Kim (Rice CS)
P Toulis (UChicago Booth)
A Kyrillidis (Rice CS)

Published in “Learning for Dynamics and Control Conference” (LADC), 2022.



Empirical risk minimization and SGD/SGDM

1 n
Xpp] = X, — "Vfit (xt) f<x>=;i§fi<x>

BUT:
1. SGD can take long to converge

2. SGD can be numerically
unstable if step size is misspecified

= ||x, — X*H% < 2€Xp(4L27]12 log(1))]|xy — x*H%
f

[Bach and Moulines (2011). “Non-Asymptotic Analysis of Stochastic Approximation Algorithms for Machine Learning”]
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Empirical risk minimization and SGD/SGDM

A1 =X — 1 Vfit (xt) +p(x, — x,_1)
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Geometric intuition of momentum

----- Gradient Descent X1 =X —nVf (xt)

Gradient Descent with Momentum X1 = X; — ﬂVf(Xt) + px; — x;_1)

B ronl 00
?($$)

\ J
\ Z

z! D —Az?)
i
/
’ <
4 T2 g
A _Ti;@g

\
\ N
A\

V(Y -vf(.z'*"z ,

\

-z

0

Junhyung Lyle Kim Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



Empirical risk minimization and SGD/SGDM

A1 =X — 1 Vfit (xt) +p(x, — x,_1)

Momentum parameter

z® —vf(z?) .
& e / -
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N\ 4 T2 g
Z

é(xz—x’) —

e

BUT:

1. SGDM/accelerated SGD may diverge for step sizes that SGD converges

[Liu and Belkin (2019). “Accelerating SGD with momentum for over-parameterized learning”]
[Kidambi, Rahul et al. (2018). “On the insufficiency of existing momentum schemes for Stochastic Optimization”]

2. Accelerated SGD may diverge even for quadratic objectives with usual

ChOiceS Of }/] and ﬁ [Assran and Rabbat (2020). “On the Convergence of Nesterov's Accelerated Gradient Method in Stochastic Settings”]

[s there other method that is numerically stable AND fast?
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Stochastic proximal point algorithm

X, = arg min { f(x)+ Hx xt\lz} Jx) = Ji

x€RP

A1 = X — 1 V]z(xtﬂ)

- SPPA enjoys the same convergence rate as SGD
- SPPA is much more numerically stable

SGD : E|lx, — x*|I5 < 2 exp(4Ln; log(n)lxy — x* |3 -+

SPPA : E|lx, = x*[13 < exp(~log(1 + 2qn)log(t) [l — x*[13 -+

[Ryu and Boyd (2017). “Stochastic Proximal Iteration: A Non-Asymptotic Improvement Upon Stochastic Gradient Descent”]
[ Toulis et al. (2021) “The proximal Robbins-Monro method”]

Can we accelerate SPPA while preserving numerical stability?
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SPPAM : Stochastic Proximal Point Algorithm with Momentum

A1 = X — 1 (Vf(xt+1) T 8t+1) +p ('xt — xt—l)

- Disregarding the stochastic error for simplicity, above can be written as the solution to:

arg min {f(x)+ [|x — xtHQ __<xt_xt 19x>}

xERP

B sl _ 00
7(1' Z%)
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SPPAM: theoretical analysis

Assumption 1: The objective function fis a u-strongly convex Assumption 2: For SPPAM, there exists fixed 6% > 0 such that,
function. That is, for some fixed 4 > 0 and for allx and y, given the natural filtration & ,_;,
(V) = V), x—y) = pllx = yli3 Ele | F._,) =0 and E|[llgl* | #,_,] < o> forallz.

Theorem 1: Suppose Assumptions 1T and 2 hold. SPPAM satisfies the following iteration invariant bound:
43?
(1 +nu)2(4 — (1 + p)?)

E ||y, — x*113] < Elx, — x*113] + E[|lx,_, — x*1I3] + 7%

(1 + np)?

_ﬂE _x2] _[E X2 - 5 o oy 432 _
”xtﬂ i 22 <A- ||x[ * ilzz -4 o A= | (I+nyp? (1 +nu)2(4 = (1+p)2?)
- Ellx — x5 Ellx_—x"llzf L O i 0
Lemma: The maximum eigenvalue of A, which determines Corollary 1: For u-strongly convex f. SPPAM enjoys smaller
the convergence rate of SPPAM, is: contraction factor than SPPA if:
2 | 4 | 437 N0(1> 43 <}72//t2—677//t—3
A+m)? | A +n* A+ — (1 +p)>2) 7 4—(1+p)> (1 + np)>
1 1 ,
\VS. Contraction factor of SPPA. — ~ O (—) AOOCLeVatLOVb
+ ZNU H

Junhyung Lyle Kim Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



SPPAM: theoretical analysis Stability (w.r.t. hyperparameters)

_ L _
Ellx, —x*115 | | [4262 E [l — x 113

Ellx_, —x*13] Lo Ellxy_, —x*[3

_ .
Ellxep — X112

2
[E”xt o X*”2 |

and 2 hold. Further, suppose that SPPAM is initialized with

Xo = X_1. Then, after T iterations, SPPAM satisfies:

‘ 2,2 o) . o N
<<”x0 2 4 > 1+ 9)> Lo Then, under Assumptions 1 and 2, the initial conditions of

E |l — x* 12 <} — : . . .
B 1-0 SPPAM exponentially discount. That is,

A e @ Easy to satisfy?

where @ = | .Further o, 5 are the 2ol 2
(T +ngp? (44— (1+ )P 1,2 ot < + where Ce(0.,1).
(14 nu)?

eigenvalues of A, and

01— 0

w/\,{a LV GOWL‘PD( YLSDV\J [Assran and Rabbat (2020)]

Accelerated SGD (strongly convex quadratic):

- e
with 7 = 4 N 4p | 0.0028 % =— <A < 5 & 1.26 forA € {u, L}
(I+nw* (1 +n)*4 =1+ )2

SPPAM (strongly convex):
nu > 4.81 with f#=0.9
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Experiments

1. SPPAM converges faster when SPPA converges (acceleration)

2. SPPAM converges at the same rate as SGDM when the latter converges but for much wider range (stability)

Normal, condition # = 1, noise = 1073
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“Convergence and Stability of the

Stochastic Proximal Point Algorithm With Momentum”
J. L. Kim, P Toulis, A. Kyrillidis., L4DC 2022,

1. Acceleration  SPPAM converges tfaster than SPPA

2 Stability SPPAM converges for wider range of
hyperparameters than SGD/SGDM

3. Above holds both in theory and practice

But what if we cannot implement x,.; =x, —nVf(x,,,)?

18



Road Map: Algorithmic, ~and Pragmatic Acceleration

Stochastic Proximal Point Method
with Momentum

Keyword: implicit method, acceleration, stability

[J. L. Kim, P. Toulis, A. Kyrillidis. “Convergence and Stability of the
Stochastic Proximal Point Algorithm With Momentum,” LADC 2022]

“Plug-and-play”

Adaptive step size

' Structural |

Adaptive Federated Learning with
Auto-Tuned Clients

Keyword: adaptive step-size, federated learning

J. L. Kim, M. T. Toghani, C. A. Uribe, A. Kyrillidis. “Adaptive
Federated Learning with Auto-Tuned Clients”, ICLR 2024 ]
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“Adaptive Federated Learning with
Auto-tuned Clients”

J. L. Kim (Rice CS)

M. T. Toghani (Rice EC.
C. A. Uribe (Rice ECE)
A Kyrillidis (Rice CS)

L L]
N—"

[T]

To appear in “International Conference on Learning Representations” (ICLR), 2024.
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What is Federated Learning?

. Distributed ML framework where a global model is trained via multiple collaborative steps by
oarticipating clients, without sharing data (E.g., next word prediction in smartphone).

Client side: Update model
| Download current model
using local data , ,
/,-\ from the server to local clients/machines
0 Co
D Update the server model

and repeat...

A.'\@

]

Server side: Aggregate
updated model paramet

Image source: https://ai.googleblog.com/2017/04 /federated-learning-collaborative.html
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What is Federated Learning?

Number of clients

xeR?
\

Shared model parameter

1 m
min. flx) =— » fi(x
=1

INndividual loss function:

fi) = E, g [Fix,2)]
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Why Federated Learning?

f ( ) d1ffers for each c]1ent 3

min f(x) = Z filx) < ZN@i[ (x,2)]

xeR?
Flextblity Privacy
- Number of clients m . Local data never shareo
- Client participationrate  « <. differs for each client 1
. Computing power . Also number of samples z ~ 9.
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Most tamous FL algorithm: Federated Averaging

[McMahan et al., 2017 “Communication-Efficient Learning of Deep Networks from Decentralized Data.”]

Client side: Update model
using local data

SGD < >

Averaging

Server side: Aggregate
updated model paramet

Image source: https://ai.googleblog.com/2017/04/tederated-learning-collaborative.html
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Main challenges in Federated Learning

Algorithm 2 FedAvg Client side: How do we make sure
1: input: o € R%, 1> 0,and p € (0,1). each client meaningfully “learns” using
2: foreachroundt =0,1,... ; T—1 (.10 | ocal data?
3: sample a subset S; of clients with size |S;| = p - m
4: for each machine in parallel for : € S; do E.g., How do we tune 1?
5: Set x; o = x4 | ) .
6: for 10(,331 step L = [K] do Does It mqke sense to use same
7: Compute an estimate g* , _, of sz-(xi,k_l) n for all clients?
8: f not, how do we tune individual
13 step size n;?
11- Server side: How do we smartly aggregate the local information
coming from each participating client?
12: end for

13: return xr
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Federated optimization framework

Typically 3-4 orders of magnitude

Algorithm 2 FedAvg more expensive than local computation
[G. Lan, et al., 2020]

1: input: o € R% n > 0,andp € (0,1).

2: for eachround ¢t = 0,1,...,7—1do What about client optimizer?
3: sample a subset S; of clients with size |S:| = p-m
4. for each machine in parallel for : € S; do - Communication is expensive
% Set Ty g = Tt . Many more local updates
0: for local step & € | K| do - compared to server update
7: Compute an estimate g; ;,_, of V f;(x} ;)
8: w‘%k — xi,k—l — 7792,14—1

13 GG L0X |“Adaptive Federated Optimization” Reddi et al. (2021)]

11: ‘; ‘ Z (xt—xti,K) « FedAdam

12: end for s, » FedAdagrad

13: return xr —— - FedYoqgi

“Psewdo-gradient”
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Client optimization is more challenging...?

CIFAR-10 trained vv|th ReSNet 18 MNIST trained with CNN CIFAR-100 trained with ResNet-50
0.8 ‘ | el | 0.6 R aaiithalialil
?O ) '”"’r' ..»T‘ c IIW oe. n(,#n* '* o
é | - 0.4 j ')h" A
< 0.4- 031 OChamEy
5 0.21 4
= 0.2 011 #d |
0.0—= ' ' ' ' ' - ' ' . 0.0t ' - ' -
0 500 1000 1500 2000 0 100 200 300 400 500 0 500 1000 1500 2000
Number of Rounds Number of Rounds Number of Rounds
(A) (B) (©)
—*—  A-SGD (ours) —v¥— SGD —A&— SGD (decay) —@— SGDM —4&— SGDM (decay) —4%— Adam Adagrad

- FedAvg: grid-search of typically 11-13 client SGD step sizes
- FedAdam*: grid-search of 6 different client step sizes (best usually different for each task)
- Above assume the same step size is used for all clients (can we do better?)
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Our proposed step size tor A-SGD

m

1
min f(x) = — Zf’(x) — ‘ZN@i[Fi(xa z)]

xeR4 m -

’7;—1}’ ‘9;—1 — ’7;—1/’7;—2

. ' - - .. Don’t increase too much!
Client i local updates: X, ; = X, — 1, V.f; (%))

Adapts to local smoothness: ||VA(x)) — VA Il < Z—WHX; — x|l = Lillx; — x|l
!

- Each client uses its own step size
. Step size only requires known quantities (i.e., no tuning required)

. Individual step size is adaptive to the local smoothness of f.
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Extension to FL setting: A->GD

Algorithm 1 DELTA(A)-SGD: DistributEd LocaliTy Adaptive SGD

1: input: o € RY, 19,00,y > 0,and p € (0,1).
2: foreachroundt =0,1,...,7T—1do
3: sample a subset S; of clients with size |S;| = p-m

4: for each machine in parallel for 7 € S; do

5: set x; g = Ty

6: setn! g =mno and 0!, = 6

8: y

9:
10:
11:
12: end for
13: Tiy1 = |Si > zvt w We can apply server-side adaptive method too

1€St from ["Adaptive Federated Optimization” Reddi et al. (2021)]

14: end for

15: return zr
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A-SGD step size In practice

Step size conditions for A-SGD

| | |
it
B ! I ll "

[T AR | a0 (RIAD
0 50 100 1 50 200 250 300
Number of Rounds

0.5

0.4+

0.0

; 7||$§k_$§k—1” ' ‘
e S T v J1+06i, 0,
"I, M he ) Vil tk—17l k-1
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. . _ 1 c _
A-SGD: Convergence analysis miy S0 =7 2. where £) = E._[F(x.2)]

Assumption 1: There exist nonnegative constants o, p, and G such thatforalli € [M] and x € R4

(la)  E|IVF(x,z) — VL&x)|I* < 62, (bounded variance)
(1b) IV £ G, (bounded gradient)

Theorem 1: Let Assumption 1 hold, with p = O(1). Further, suppose that y = @( \1/_ ) and 179 = O(y).
K\T
Then, the following property holds for Algorithm A-SGD, for T sufficiently large:

1S 2 v, [y, Ly,
Fr el =e(G) o (52) ()

where ¥, = max %Z,f(xo) — f(x™) ¢ and ¥, = ( =+G~* ) are global constants, with b = | % | being the

batch sizel L is a constant at most the maximum of local smoothness, i.e. max L
it

where L, , the

1,0

smoothness of f; at round 1.
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Experimental setup

« Datasets: MNIST FMINIST |CIFAR-10) and CIFAR-100
- Architecture: shallow CNN [ResNet-18 | and ResNet-50

. Level of heterogeneity: latent Dirichilet allocation (LDA), & € {1, 0.1, 0.01}

Dirichlet a =1 Dirichlet a =0.1 ~ Dirichlet a =0.01

Class distribution Class distribution Class distribution

Figure 5: Illustration of the degree of heterogeneity induced by using different concentration parameter
« for Dirichlet distribution, for CIFAR-10 dataset (10 colors) and 100 clients (100 rows on y-axis).
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Results

Green: < 0.5% from Non-iidness  Optimizer Dataset / Model
. : Dir(a - p) MNIST FMNIST CIFAR-10 CIFAR-100 CIFAR-100
est perrormance P CNN CNN  ResNet-18 ResNet-18  ResNet-50
SGD 98.3,02) 865,038 877,151 57.7 (4.9 53.0) (12 5
(x.x): performance SGD () 978,07 863,100 878,20 619,00  60.9 0
. . o o =1 SGDM () 9841) 87.2;01) 893,05 614 5 63.3 (5. 5)
highlighted when > 2% Adam 947 5. 71.8,5. 894,04  556,6s 614,
Adagrad 643\“;42) 455¢(418) 866¢(32) 53°5¢(8—1) 519¢(1;())
SPS 101¢(88—1) 859¢(14) 827¢(71) I.OL((-;()_.()) 500¢(1‘38)
A-SGD  98.4,0.1) 87.3,0.0) 898,00  61.5)00.4) 65.8(0.0)
. (s}gra) gg.(l) 1(0.0) gigw.g) gg-guﬁ.?) ig-gwqm Step size grid search
‘Y1(0.1) -L1L(1.7) -21(1.8) -1 (15.4) . . .
SGDM  97.6)405 83.6,(25 588,45 523,15 GoONeinthissetting
o= 0.1 SGDM () 98.0;p.1) 86.1)(¢.3) 60.4 | (0.7) 52.8(11.3)
Adam 96.4¢(1_7) 80.4“(5_()) 55.4“5.7) 582“5 9)
Adagrad 89.9“8.2) 46.3“4().1) 49.6“11.5) 48.0“16 1)
SPS 960“21) 850¢(14) 42-2¢(18.9)) 42.2“21 9)
A-SGD 98.1, (0.0 86.4(0.0) _ 61.1,(0.0) 64.1,(0.0)
SGD 96.8 0.7y 79.0 12y 226,115  30.5;(.3) 24.3(7.1)
SGD (]) 972,03 793,09 33.90.0 30.3;(1.5) 24.6 (6 5)
SGDM 77-9J,(19.6) 757“45) 284\[{(35) 24.8“7‘0) 22.0“9‘4)
a—=001 SGDM) 940,35 795,07 290,10 209.000) 147 016.7)
Adam 80.8,(16.7) 60.6,(196) 221 (118) 182136  22.6)(s.5)
Adagrad 72.4“25.1) 45.9“34.3) 12.5“21.4) 25.8“6'0) 22.2“9‘2)
SPS 69.7 275) 44.0,362) 215,124y 22095 174 (140
A-SGD 975,00 802,00 31.6,23 318,00  3ldyqy0)

TOP-11n 73%, TOP-2 in 100% of the experiments without additional tuning

Junhyung Lyle Kim

Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



“Adaptive Federated Learning with Auto-tuend Clients”

J.L.Kim, M. T Toghani, C. A. Uribe, A. Kyrillidis. ICLR 2024

1. Algorithmic:
Adaptive SGD scheme that utilize the local smoothness

2. Setup / Modeling:
Federated/Collaborative protocal that allows local updates

3. Practical Importance:

Fxtensive experimental results achieving better or similar
performance across different FL scenarios without tuning

34



Road Map: Algorithmic, ~and Pragmatic Acceleration

' Algorithmic | Structural - Algorithmic |
Accelerated Factored Gradient Descent Stochastic Proximal Point Method
ﬁ °
with Momentum
Keyword: non-convex, matrix factorization “Momentum”
— Keyword: implicit method, acceleration, stability

[J. L. Kim, G. Kollias, A. Kalev, K. X. Wei, A. Kyrillidis. “Fast Quantum

State Reconstruction via Accelerated Non-Convex Programming”

Photonics 2023 / Quantum Information Processing (QIP) 2023 (poster)] [J. L. Kim, P. Toulis, A. Kyrillidis. “Convergence and Stability of the
Stochastic Proximal Point Algorithm With Momentum,” LADC 2022]

Application:
“Plug-and-play”
Quantum State Tomography . .
Adaptive step size

| .St‘ructurali | | ASt.rl'lctural. f
Local Stochastic Factored Gradient Descent Adaptive Federated Learning with
ﬁ [ ]
o Auto-Tuned Clients
Keyword: distributed optimization, local updates Dls.trlbute.d )
Optimization Keyword: adaptive step-size, federated learning
[J. L. Kim, M. T. Toghani, C. A. Uribe, A. Kyrillidis. “Local Stochastic —— : : . . e .
Factored Gradient Descent for Distributed Quantum State Tomography” Jclj' K'm('jM I TQQhOD'hQ A. Unbe,dA. ||§yr||||§;||s. Adaptive
Control Systems Letters (L-CSS), IEEE 2022 / Quantum Information Processing (QIP) 2023 (poster)] Federated Learning with Auto-Tuned Clients’, ICLR 2024
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“Fast Quantum State Reconstruction via
Accelerated Non-convex Programming”

J. L. Kim (Rice CS), GG. Kollias (IBM), A. Kalev (USC), K. X Wei (I.

BM), A. Kyrillidis (Rice CS)

Published in Photonics, 2023.

“Local Stochastic Factored Gradient Descent for
Distributed Quantum State Tomography”

J.L.Kim (Rice CS), M. T Toghani (Rice .

L
HC
L1

E), C. A Uribe (Rice .

-
HC
L1 -

=), A Kyrillidis (Rice CS)

Published in Control System Letters, 2022.
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Quantum State Tomogrpahy (QST)

. Electrical engineers use multimeters and oscilloscopes to verity that circuit works as expected.
- We need similar verification tools in guantum computing. QST is one such tool.

- QST is the task to reconstruct the density matrix of a given quantum state from measurement data.

: - Expectation value of

| ‘ v " qt | p in this basis is 0.64...

| state p in mind * More data...
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Quantum oState

. We represent quantum bits (qubits) | 0) and | 1) as vectors:

- -

. A state | ) can be written as a superposition of |0) and | 1),
eg. |w) =al0) +’B; 1) Outcome | 1) w.p. \ﬁ\z
. 2-qubit state |y) = a|00) + 4|01) +y|10) +6|11):

0 0
1 0
— 5
vy =al 1 +B o t7 ||
0

—_ O O O

1
0
0
0 0

« A pure state of n qubits can be represented by column vectors in C¢
space withd = 2"

[Figure source: https://qgiskit.org/textbook/ch-states/introduction.html]
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What about Quantum Computing?

#qubits &R R &R BEBEE  ABUBUBER AR IR AR LR AR R % 6
o0

R X 100 =
1.26765 x 10°"

complex numbers required to
describe the system classically!

@ How to process meaningfully in the current era?
& How to even store this amount of data?
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Quantum State and Density matrix

| y) is a column vector, called “ket”

. (y|is arow vector, called “bra”, with complex E.g. |y) =
conjugates

Inner product: (¢ |w) is a number
Outer product: | @){y|is a matrix
» A pure state | y) can be written as p = |y){y/|

» A mixed state can be written as p = Zpi \ l//,-)(l//i\
i

Density matrix p

-PSD: p > 0
-Unit trace: Tr(p) = 1

Junhyung Lyle Kim Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



QST objective

(Qf(p))i = Tr(pA;) where A, € CdXd, i1=1,....m <—l

L 1
minimize  Flp) := > l(p) - yll3
pe(]:dxd T_>

subject to p>0, Tr(p) =1

measured data

How does it scale?

 Optimization: the space of p € Cdx‘lgrovvs exponentially Forn = 16 qubits, p € Cd

(d = 2", where n is the number of qubits) where d = 65,536

»+ Amount of data: from & (p) =y, if we have accessto yy, ..., y,, We need
and Ay, ..., A, that form an orthonormal basis for Caxd m= 0 (232) ~ 4.,294.967,296
(i.e. m = d?), we can reconstruct p with linear inversion measurements
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Compressive sensing + QST - Optimization: p € C*/ where d = 2"

. Amount of data: O(d?) without any prior

Kalev et al., 2015]:

Tr(p) = 1 constraint can be removed
without affecting the final estimate

minimize  F(p) := 314(p) = yl3

P ECdXd

subject to

rank( >0, Fréppmt

Restricted Isometry Property (RIP) for rank-r matrices
|B. Recht et al., 2010]

A linear operator & : C™4 — R™ satisfies the RIP on rank-r matrices,

with parameter o,, € (0,1), if the following holds for any rank-r matrix

X € C%4 \ith high probability:
(1= 85) - 1X; = X113 < 14X, = X3 < (148, - 1X; — X1

|D. Gross et al.,, 2010]: can reconstruct rank-r density matrix p € Cxd using O (r - d - poly(log d)) measurements
[YK. Liu, 2010 P; € {1, 0,, 0, 0,}®" satisfies RIP for rank-r matrices
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Factored objective for QST - Optimization: p € C*! where d = 2"

. Amount of data: O(d?) without any prior

MINIMIZe F(p) := %Hﬂ(p) —YH%

pECdXd
subject to <re— p=UU"
Convex constraint <—T T—* Non-convex constraint

minimize  FUU") := S| 4(UU") - ylI3

UecCaxr [J. L. Kim, et al., Photonics 2023]

dXxr L - Accelerated linear convergence
Smaller space (L) o~ Constraints automatically satisfied [+ Extensive experimental results
than OriginC]| spdace ((l:dXd) / using real quantum data (IBM)

Factored Gradient Descent Momentum-inspired Factored Gradient Descent
[Kyrillidis et al., 2019]

Uy =U,—nVFUU) - U, U =2, —nd (4 ZZ)-y) - Z

n
i=1

1 n
=U —7 (-Z {Tr(Al.Ul-UlT _yi}Ai> - U, Zt+1 — Ut+1 + U (Ut+1 o Ut)
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MiFGD performance on real quantum data (IBM QPU)

OE J
X
o R 2 NLRC‘DE‘ -
GHZminus (6) QL X GHZminus (8)
| S |
&« S
O
-—I*E.
X ]
: T T o . . r
0 000 1000 0 100 200
lterations lterations
2 #=0
— p=1/8
X p=1/4
.S .S — pw=1/3
x S u=3/4
Hadamard (6) | , = Hadamard (8)
= =
-—I<O .
X
=
— 290NO° 2 0 500 1000 0 100 200
[m — 20 é) ) d ] lterations lterations
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Compressive sensing + QST * Optimization: p € C' where d =2°

. Amount of data: O(d?) without any prior

Kalev et al., 2015]:

L 1 y) Tr(p) = 1 constraint can be removed
Mminimize F(p) := 5”&7@) - yll5 ({0) | | .
peCdxd without affecting the final estimate

rank(p) < r.lp = 0, Fripy=—t

subject to

Restricted Isometry Property (RIP) for rank-r matrices
|B. Recht et al., 2010]

A linear operator & : C™4 — R™ satisfies the RIP on rank-r matrices,

with parameter o,, € (0,1), if the following holds for any rank-r matrix

X € C%4 \ith high probability:
(1=6,) 11X, = X7 < 14X, = X)5 < (1 +6,,) - 1X] — X%

|D. Gross et al.,, 2010]: can reconstruct rank-r density matrix p € Coxd using O(r d - poly(log d)) measurements |
[Y.K. Liu, 2010]: P; € {1, 5, |~ v 9.65 X 1014 thh r =100, n = 30 |

9] }®” satisfies RIP for rank-r matrices

y?
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Factored objective for QST - Optimization: p € C*! where d = 2"

. Amount of data: O(d?) without any prior

MINIMIZe F(p) := %Hﬂ(p) —YH%

pECdXd
<re— p=UU"

Convex constraint <—T T—* Non-convex constraint

supject to

minimize  FUU") := S| 4(UU") - ylI3

UecCaxr [J. L. Kim, et al., Photonics 2023]

dXxr L - Accelerated linear convergence
Smaller space (L) o~ Constraints automatically satisfied [+ Extensive experimental results
than OriginC]| spdace ((l:dXd) / using real quantum data (IBM)

Factored Gradient Descent Momentum-inspired Factored Gradient Descent

[Kyrillidis et al., 2019]
U =2, —nd (4 ZZ)-y) - Z

U.,=U—-nVFUU)-U
! t F  still large! & 9.65 x 1014

oS
1 n

=U —7 (;Z {Tr(Al.Ul-UlT _yi}Ai> - U, Zt+1 — Ut+1 TH (Ut+1 - Ut)
i=1
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Distributed objective

. We consider the setting where the measurements y € R™ and the sensing matrices

o C™4 - R™ from a central gquantum computer are locally stored across M different classical
machines.

- These classical machines perform some local operations based on their local data, and
communicate back and forth with the central guantum server.

Centralized Ufgqi:?w GU) = F(UUT) = %Hﬂ(UUT) — y\l%

M
min {g(U) = % ; g(U) |,

where  g(U):=E; g || (UU") — y/|I3

Distributed
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Naive distributed algorithm

min { g(U) = MZg,<U>}

= (]:er

where g(U):= -jN@i\gQYJ(UUT) Y: Hz

i-th machine _D D BUT:
of. - Caxd _5 mm; \\ ‘//" - Intra-node commurjicotion S

- . much more expensive than—
L€ i |
Yi — «— typmqlly about 3 orders of |
—> —> magnitude— local computation
|G. Lan et al., 2020]
/" \:\
U=t Ym=nm [ [
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[.ocal Stochastic Factored Gradient Descent

Algorithm 1 Local SFGD

1: Set number of iterations 7 > 0, synchronization time steps #1, t, .. .,

initialize UO = Uy as below:

Uj = svp( - fj "LVF©0) Vie M),
=1

where SVD denotes the singular_value decomposition.
2: for each round t =0,...7T do

3: for in parallel for i € [M] do

4 Sample j; uniformly at random from [m;].
5: if t = tp for some p € N then

6: Upy1 = 11 Lim1 (U = "thlt(Ul )
7: else

8: Ut b= =U! — nth” (UY)

9: end if

10: end for

11: end for

12: return Ury1: = All Zﬁl U§+1‘

and

(7)

Junhyung Lyle Kim

Lemma 1: Let Assumption 1 hold. Assume that
c.(X™)

D*(UL, U*) < 100 < o0 Where 6, (X™) is the k-th
" O]

singular value of X*, omol Kk=L/lu. Then
(U= U*R*,Vg(U)) > —||Vgl(Ul)IIF+

6, (X*) - DX(U}, U™).

. Initialization scheme in (7) in Algorithm 1is modified

from [S. Bhojanapalli et al., 2016] to distributed version,
and satisfies the initialization condition in Lemma 1.

Lemma 2: Let Assumptions 1 and (2¢) hold. Then, the

output of Algorithm 1 with max [z, — 1, | < h satisfies:

P

—Z[E[HU Uilly] < nith = 1G>
=1

where L s the synchronization step immediately before t.
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Local linear convergence

Theorem 1: Let Assumptions 1, 2, and the initialization condition of Lemma 1 hold. Moreover, |et

n,=n< %'zor t€|0:T]and mlflx Al S S h. Then, the output of Algorithm 1 has the

following property: X
E[D*(Uryy, UM < (1 = nar

)T+1 Mh-11PG? )

21T * |
D(UO,U)+77< - v

where X* is the optimum of fover the set of PSD matrices such that rank(X™) = r, U™ is such that

3u

X*=U*U*" anda = 1—00,,(X*) is a global constant.

0.2

. Notice the last variance term o which disappears in the noiseless case, is reduced by the number of

machines M.

. Single-batch is assumed in the proof; by using batch size b > 1, this term can be further divided by b.

- By pluggingin i = 1 (i.e., synchronization happens on every iteration), the first variance term
disappears, exhibiting similar local linear convergence to SFGD.

- Can achieve exact (local) convergence with decaying step size at the expense of sublinear rate
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“Fast Quantum State Reconstruction via Accelerated Non-convex
Programming™ J. L. Kim, G Kollias, A. Kalev, K. X. Wei, A Kyrillidis. Photonics 2023

“Local Stochastic Factored Gradient Descent for Distributed

Quantum State Tomography”

J.L.Kim, M. T Toghani, C. A Uribe, A. Kyrillidis. L-CSS 2022

1. Algorithmic:

Accelerated linear convergence of MiFGD that utilize
(non-convex) low-rank matrix factorization + acceleration

2. Setup / Modeling:
Distributed QST with Stochastic FG

with rigorous theory

3. Practical Importance:

D that allows local updates

- xtensive experimental results using real guantum data /

Open source software compatible with Qiskit



Road Map: Algorithmic, ~and Pragmatic Acceleration

' Algorithmic | Structural - Algorithmic |
Accelerated Factored Gradient Descent Stochastic Proximal Point Method
ﬁ °
with Momentum
Keyword: non-convex, matrix factorization “Momentum”
— Keyword: implicit method, acceleration, stability

[J. L. Kim, G. Kollias, A. Kalev, K. X. Wei, A. Kyrillidis. “Fast Quantum

State Reconstruction via Accelerated Non-Convex Programming”

Photonics 2023 / Quantum Information Processing (QIP) 2023 (poster)] [J. L. Kim, P. Toulis, A. Kyrillidis. “Convergence and Stability of the
Stochastic Proximal Point Algorithm With Momentum,” LADC 2022]

Momentum Extragradient:

A Polynomial-Based Analysis

[J. L. Kim, G. Gidel, A. Kyrillidis, F. Pedregosa. “Plug-and-play”
Quantum State Tomography ”hen IS G Optimal?,” TMLR 2024]

- Algorithmic '

Application:

Adaptive step size

Solving QLSP via PPM
[J. L. Kim, N. H. Chia, A. Kyrillidis. WIP]

' Structural | ' Structural |

Local Stochastic Factored Gradient Descent Adaptive Federated Learning with

# [ J
Auto-Tuned Clients
Keyword: distributed optimization, local updates Dls.trlbute.d )
Optimization Keyword: adaptive step-size, federated learning
[J. L. Kim, M. T. Toghani, C. A. Uribe, A. Kyrillidis. “Local Stochastic —— : : . . e .
Factored Gradient Descent for Distributed Quantum State Tomography” -FJ'(;" K'm('jl\lj" I TQQhOD'h% A. UTrIbe'dAclfy””lqIfoS%%tzl\f
Control Systems Letters (L-CSS), IEEE 2022 / Quantum Information Processing (QIP) 2023 (poster)] ederated Learning with Auto-Tuned Llients, ]
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Beyond Non-convex, Distributed, and Stable Optimization

Analysis

Lyapunov Functions

Spectral Analysis
Polynomial

Quantum Linear
System with PPM

Generative Models

Acceleration

| Quantum Subroutines
with momentum

Optimization
Algorithm Model Structure
Factored Gradient Descent Distributed Optimization
Proximal Point Method | ocal SFGD Minimax/Game Optimization

Federated Learning
Quantum Optimization

Extragradient
Adaptive Methods

Momentum Extragradient
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Thank you!



Back up slides



SPPAM



Proximal point algorithm

. ] 9)
X = dI'g 11in X)+—|X —X
o1 = argmin { 0+ llx = 13|

- PPA changes the conditioning of the problem

- Equivalent to implicit gradient descent (IGD):
A1 = X — ”Vf(xtﬂ)

- PPA enjoys remarkable convergence behavior. For convex f:

flxr) — f(x*) <0 - T1 ) ”Arbi’cmrug fast convergence”
=1 1t

Guller (1991). “On the Convergence of the Proximal Point Algorithm for Convex Minimization”

What about stochastic settings?
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The quadratic model case

Conditions on 1 and f for different algorithms to solve: 1
! P . f(x) = ExTAx —b'x

. 0, PPA 10 GDM - PPAM 10 0
8 8 8 8 8
2 2
6 6 6 6 6
C_(z) 4 C_(Z) 4 4 4 = 4
Iy 2 2 2 2 2
4 -20 2 4 ° 4 =2 0 2 4 °© 0 0 0
B B
" p+1 \? _ _ap
Proposition 1 (GD (Goh 2017)). To minimize (10) Proposition 4 (PPAM). Let 6; = (H,,,,\i) T Tga
with gradient descent, the step size 1 needs to satisfy To minimize (10) with PPAM, the step size n and mo-
0<n< %, Vi, where \; is the i-th eigenvalue of A. mentum B need to satisfy:

Proposition 2 (PPA/IGD). To minimize (10) with

1
| <1

o n> =, if 6; <0;

PPA, the step size n needs to satisfy ‘

p+1 . ! : B+1 > ()-
Proposition 3 (GDM (Goh 2017)). To minimize TPy + V0 < 2, if 0; >0 and Tt = O

(10) with gradient descent with momentum, the step o Ol 3 »
J . —\0; > —2, otherwise.

size n needs to satisfy 0 < n\; < 2+ 28, for Vi and 1+1X; i

0<pB<1.
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Theory continued...

’ ’ Assran and Rabbat (2020). “On the Convergence of Nesterov's Accelerated Gradient Method in Stochastic Settings”
Uunfair comparison

max{ﬂu(ﬁa B)’ pL(Tla IB)} < 1)

where px(n, B) for A € {u, L} is defined as: nA 2 1, Converges if — g nx +VAx < 2,
2
8;?;2 <nA <1, Always converges,

AEHA—mN] | VBa if Ay >0,
px(’% ) : .

1 —nA) therwise, 0 |
ith Ay = (1 +\§((1 " A)2 — 45(1 O i;WISe A < 8+§;2’ Converges if ¥g.,x + VA < 2.
wi AT —NA)T — —NA).

strongly convex quadratic f( - ) p=03
Theorem 4. Let the following condition hold: Accelerated SGD (strongly convex quadratic):
_ 4 45°
r = e e <3 (19 00028~ 37 <mi < qg ~ 1.20ford € {u, L)
Then, for|u-strongly convex f(-)| the initial conditions :
of SPPAM exponentially discount: i.e., in (16), SPPAM (strongly convex):

nu > 4.81 with = 0.9

T
2071 —1 2 T
L . | —C
o1—02 | ((1+nu)2 T) ’

where C' € (0,1).
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Adaptive FL



Same dataset & different model

Non-iidness  Optimizer Dataset / Model
Dir(c - p) MNIST FMNIST CIFAR-10 | CIFAR-100 CIFAR-100
p CNN CNN  ResNet-18 | ResNet-18  ResNet-50 a=0.1
SGD 98.3,02) 865,08y 87.7,051) 57.7 (4.2 53.0 (128 ,
SGD () 978,07 863,10 878,20 | 619,00 Same Dataset & Different Model
o = 1 SGDM (\L) 98.4¢(01) 87.2¢(0 1) 89.3¢(05) 61.4¢(05) 60 7
Adam 94'7J,(§8) 718\{( 15.5 89°4~L(04) 55'6¢(6.3) >
Adagrad  64.3)5,5) 455,415 86.6,59) | 53.5 (5.4 < 50-
SPS 101¢(884) 859¢(1 4) 827“71) I.Ou(;()_g) 5 40 i
A-SGD  98.4,0.1) 873,00 898,00 | 61.5,00.4) :Ed 30
SGD 98.1¢(00) 836¢(2 8) 72.1¢(12_g)) 54.4¢((;_7) -
SGD ({)  98.0,01) 847,07 784,066 | 593,18 & 20+
SGDM 97.6 05y 83.6)25  79.6 (54 58.8 (2.3 = 10-
W—01 SGDM() 98.0,01) 861,03 779,71 | 604,07 0
Adam 96.4“1_7) 80.4“(-, 0) 85.0“0_0) 55.4¢(5,7) O -
Adagrad  89.9 z2) 46.3101) 84l09) | 49.6,(115) CIFAR-100 CIFAR-100
SPS 96.0¢(2.1) 850“1 4) 70.3“14_7) 42-2¢(18.9) ReSNet_1 8 ReSNEt-SO
A-SGD 98.1, (0.0 86.4(0.0) 84.5(0.5) 61.1,(0.0) . _ (A)
SGD ({) 972,030 79309 33.90.0) 30.3 (1.5
SGDM  77.9,1100 75710 284,55 | 24870, A->GD (ours) i °GD (decay) e
o = 001 SGDM (\L) 940“;3) 795¢(0 7) 29.0Y|(4_9) 20.9J,(1().9) [ SGDM (decay) ] Adam Adagrad - SPS
Adam 80.8“16_7) 60.6“1() 6) 22-1“11.8) 18-2¢(13.6)
Adagrad 724 551) 459343 125,214 | 25.8(6.0)
SPS 69.7 278) 44.0;362) 21.5,0124) | 22.0,05) 174 (140
A-SGD 975,00 802,00 316,23 | 318,00 31400

Junhyung Lyle Kim
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Effect of different level of non-iidness

CIFAR-10 trained with ResNet-18 FMNIST trained with CNN CIFAR-100 trained with ResNet-50
90 1 P |
. — 30- 60-
5 70- 50) -
s N\ 70-
O 50 40 -
<
7 60-
N 20 30+
|_
50_ ZO_
10 += : : | . . . . !
[ 0.1 0.0 [ 0.7 0.0 1 0.1 0.0
Dirichlet Parameter « Dirichlet Parameter « Dirichlet Parameter «
(A) (B) (C)
—de— A-SGD (ours)  =%=— SGD  =—#&— SGD (decay) == SGDM  =2¢= SGDM (decay) - Adam Adagrad  =—@— SPS

Once you change the dataset / architecture / heterogeneity, you have to fine-tune your client optimizer
again to ensure proper learning. A-SGD performs well and robustly in different FL settings.
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Average across three random seeds

FMINIS

trained with CNN (3 random seeds)

CIFAR-100 trained with ResNet-50 (3 random seeds)

o o O
N O

Test Accuracy

—
ND

0.0

A
al N P .
mn Ml.‘i

X'
iy

)‘

4 Lidadlb A

"”“.!“ " A

w\'-"'x")i,.‘t !

Ukl

—x—  A-SGD (ours)

—¥— SGD
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250 500
Number of

—&— SGD (decay)
—0— SGDM

i e 0.6
5 “ 14 Bl - ." “ll‘ ||‘ I|IL
o T ey o
*h |
)
<C
5 0.2
Ii) .
/50 1000 0 250 500 /50 1000 1250 1500 1/50 2000
Rounds Number of Rounds
—4&— SGDM (decay) Adagrad —k—  A-SGD (ours) —&— SGD (decay) —&#— SGDM (decay) Adagrad
—4— Adam —— SPS —V— SGD —8— SGDM —4— Adam —— SPS
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Different loss functions

FedProx Dataset / Model Non-iidness  Optimizer  Dataset / Model
a=0.01 CIFAR-10 CIFAR-100 Dir(a - CIFAR-10
i ir(a - p) ResNet-18
Optimizer ~ ResNet-18  ResNet-50 CSINC
SGD 20.0, 155y  25.21(5.0) SGD 78.2 | (4.9)
SGD(}) 313,55 202, (105 SGD ({) 74.2 5.9
SGDM 293,14y  23.8,(7. SGDM 76.4(5.7)
SGDM ({) 25.3;(s.5) 15.0;(16.0) o =01 SGDM ({) 75.5,(14.1)
Adam 281,57 = 22.6)(5.4 Adam 82.4,(0.6)
Adagrad 19.3(14.5) 4.1 (26.9) Adagrad 81.3 (1.8
SPS 27.6“6,2) 16.5“14.5) SPS 9.57“73.5)
A-SGD 33.8(0.0) 31.0(0.0) A-SGD 83.1,(0.0)
FedProx MOON
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Our proposed step size tor A-SGD

min f(x) =

xeR?

Zf(x)  E,.o[Fi(x,2)]

Where does this come from?

i : thi_xti Al i i
= mm{zquf(x)—Vf( oVt 1'7f— } G-t = "f— /"f :

— e — e e ——

— == S ——— = - e

Client 1 local updates: X;H = X,f Vf(xf)

- Each client uses its own step size
. Step size only requires known quantities (i.e., no tuning required)

- Individual step size is adaptive to the local smoothness of |,
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What is a good step size for gradient descent?

L-smooth functions: f(y) < flx) + (VAx),y — x>+§Hy —x||* Vx,y

Gradient descent: Xpp 1 = X — an(xt)

fx ) < fo0) + (VA x4 — x)+ 31X, — X7

. |
= f(x,) —H\\Vf(xt)”z = “Optimal”

2
Lllxy — x|

22t + 1)

Hard to estimate L in practice

f(xt+1) _f(X*) <
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Even trickier in distributed/FL. scenario

1 m
min. f(x) = — D fi@) — E__g[Fx.2)]
=1

xeR?

Assuming f:( - ) is L; smooth (hard to estimate in practice),

1 .
— s often used for allz, where L, ,, := max L,

max l

step size of the form

Suboptimal! f. can be different for each i

1
- g, miI}lE(fl(x) +f2(x)) where f; is 1-smooth and f, is 10000-smooth
x€R
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[.ocal smoothness?

1 lx — y|]
V —_ V < L * o V ’ <
|Vfx) = VW] SL-|lx=y|| Vx,y = IV 1(x) — V)]

_ . ”xt_xt—l” _
r]t = in { 2||VFx,) — VAx,_) ’ \/1 T Ht—lﬂt—l }’ Ht—l o r]t—l/”t—z

va(xt) o Vf(xt—l)” < Lt ' ”)Ct o Xt_1H, Vit = 1923---

i 20410141 < 201+ 0)
th+1 o X*Hz _th+1 T XrHZ + 277t(1 + ‘9) f(xt) f(X*))

< th_X*“z _sz_xt 1”2+2’7t t(f(xt 1) — f(X*))

[Malisky & Mishchenko (2020), “Adaptive Gradient Descent without Descent”]
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"Almost” no tuning

1% — X g

i=min{ A~ ,\/1+5«9i ; }
;/]t’k ZHVJCi(x;,k) — Vfi(x;,kq)u t’k_lnt’k_l

CIFAR-10 trained with ResNet-18 CIFAR-100 trained with ResNet-18 CIFAR-100 trained with ResNet-50
NV 24 60 - —————Y 05" v__‘___:'—_—‘:v_‘
—
:
S/ 50-
o 60- 50-
= 50- jg: 45-
= 40- - 40
WV peoroeae— —— > e ——
- . - 30— - - 30— - -
0.01 0.1 1 0.01 0.1 1 0.01 0.1 1
A-5GD parameter o A-5GD parameter o A-5GD parameter o
(A) (B) (C)

—de—Dirichlet aa =0.01 —N¥— Dirichlet aa=0.1 —&— Dirichleta=1
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Additional experiments with FedAdam

Junhyung Lyle Kim

FedAdam

FedAvg

Additional experiments using FedAdam (Reddi et al., 2021)

Non-iidness  Optimizer Dataset / Model

Dir (a . ) MNIST FMNIST CIFAR-10 CIFAR-100
P CNN CNN  ResNet-18  ResNet-18

SGD 973¢(06) 83.7v(2_1) 52.0“11 8) 467V(‘35)

SGD (,L) 964¢(14) 809v(1()) 49.1i (1 1.7 49.2¢(00)

SGDM 97.5¢(04) 84 6J_(1 2) 537i ( 10. 1\ 13'3“’35-9}

o = O 1 SGDM (i,) 964.],(15) 81 8 (4.0) 53.3“1() 5) 168“;‘31)\
' Adam 96.4,(1.5y 8I. 5 27.8(36.0) 38.3(10.9)

Adagrad  95.7,,., 82.1 10.4)(53.4)  1.0j48.2)

SPS 96.6J’(1.3) 85. O¢(0 8) 21.6“ . 1.6\{(",17_(;)

A-SGD  97.9,0.0) 85.8,(0.0) 63-8¢(o.0) 41.9,(7.3)

SGD 98.1“0,0) 83.6“2_8) 72.1“12.9) 54.4“6.7)

SGD (,L) 98.0¢(01) 84°7J,(17) 784:1((@@) 59°3J,(18)

SGDM 97.6“0,5) 83.6“2_8) 79.6“5,4) 58.8¢(2.3)

o= 0.1 SGDM (]) 98.0¢(o.1) 86.1“0_3) 77.9“7,1) 60.4¢(0,7)
Adam 96.4 (1.7 80.4 5.0 85.0 (0.0 35.4,(5.7)

Adagrad 899¢(82) 46.3¢(4(),1) 84.1¢(0.g) 496¢(113)

SPS 96O¢(21) 85.0¢(14) 7O°3L(l—17) 422¢(18())

A-SGD 98.1“0.0) 86.4“0_0) 84.5“0.5) 61.1“0'0)
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Changing the domain: text classitication

Junhyung Lyle Kim

Text classification Dataset / Model

a=1 Agnews Dbpedia

Optimizer DistillBERT
SGD 9MIy05  96.02.9
SGD ({) 91.6,0.0) 98.74(0.2)
SGDM 25-0\,(66.6) 7-1¢(92_.8)
SGDM ({) 25.0,66.6) 71.1;(91.8)
Adam 25.0,666.6) 71-1,(91.8)
Adagrad 25-0\,(66.6) 7-1¢(92_.8)
SPS 91.5,0.1) 98.9(0.0)
A-SGD 90.7 0.9y  98.6,(0.3)
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Same dataset & different model

Non-iidness  Optimizer Dataset / Model
Dir(c - p) MNIST FMNIST CIFAR-10 | CIFAR-100 CIFAR-100
p CNN CNN  ResNet-18 | ResNet-18  ResNet-50 a=0.1
SGD 98.3,02) 865,08y 87.7,051) 57.7 (4.2 53.0 (128 ,
SGD () 978,07 863,10 878,20 | 619,00 Same Dataset & Different Model
o = 1 SGDM (\L) 98.4¢(01) 87.2¢(0 1) 89.3¢(05) 61.4¢(05) 60 7
Adam 94'7J,(§8) 718\{( 15.5 89°4~L(04) 55'6¢(6.3) >
Adagrad  64.3)5,5) 455,415 86.6,59) | 53.5 (5.4 < 50-
SPS 101¢(884) 859¢(1 4) 827“71) I.Ou(;()_g) 5 40 i
A-SGD  98.4,0.1) 873,00 898,00 | 61.5,00.4) :Ed 30
SGD 98.1¢(00) 836¢(2 8) 72.1¢(12_g)) 54.4¢((;_7) -
SGD ({)  98.0,01) 847,07 784,066 | 593,18 & 20+
SGDM 97.6 05y 83.6)25  79.6 (54 58.8 (2.3 = 10-
W—01 SGDM() 98.0,01) 861,03 779,71 | 604,07 0
Adam 96.4“1_7) 80.4“(-, 0) 85.0“0_0) 55.4¢(5,7) O -
Adagrad  89.9 z2) 46.3101) 84l09) | 49.6,(115) CIFAR-100 CIFAR-100
SPS 96.0¢(2.1) 850“1 4) 70.3“14_7) 42-2¢(18.9) ReSNet_1 8 ReSNEt-SO
A-SGD 98.1, (0.0 86.4(0.0) 84.5(0.5) 61.1,(0.0) . _ (A)
SGD ({) 972,030 79309 33.90.0) 30.3 (1.5
SGDM  77.9,1100 75710 284,55 | 24870, A->GD (ours) i °GD (decay) e
o = 001 SGDM (\L) 940“;3) 795¢(0 7) 29.0Y|(4_9) 20.9J,(1().9) [ SGDM (decay) ] Adam Adagrad - SPS
Adam 80.8“16_7) 60.6“1() 6) 22-1“11.8) 18-2¢(13.6)
Adagrad 724 551) 459343 125,214 | 25.8(6.0)
SPS 69.7 278) 44.0;362) 21.5,0124) | 22.0,05) 174 (140
A-SGD 975,00 802,00 316,23 | 318,00 31400

Junhyung Lyle Kim
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Same model & different dataset

Non-iidness  Optimizer Dataset / Model
Dir(a - p) MNIST FMNIST | CIFAR-10 CIFAR-100 | CIFAR-100
P CNN CNN ResNet-18  ResNet-18 | ResNet-50 a=0.01
SGD 98.3¢(02) 865¢(0 8) 877\|((21) 577¢(42) 530¢(128) '
SGD (1) 978,07 863,10 | 878,00 619,00 | 60.9 .10 Same Model & Different Dataset
SGDM 985,00 852,21 | 887,11 588,31 | 60.5 s 35-
o = 1 SGDM (\L) 98.4¢(01) 87.2¢(0 1) 89.3¢(05) 61.4¢(05) 633¢(23) 30 N
Adam 9.7 380 TL8 (155 | 894 0.4  55.6)(.3) 61.4 4 4
Adagrad 64.3¢(:;4_2) 45'5¢(41 8) 86.6v|(3_2) 535J,(8-1) 51.9¢(139) 25 .
SPS 101¢(884) 859¢(1 4) 827“71) 1-O¢(60.9) S0.0“]}, 8) 20 |
A-SGD 98.4,0.1) 87.3,0.0) | 89.8,0.0) 61.5,(0.4) 65.8,(0.0) 15 -
SGD 98.1¢(00) 836¢(2 8) 72.1¢(12_g)) 54.4¢((5_7) 44.2¢(19_9)
SGD ()  98.0;01) 847,07 | 784,66 593,08 | 4870154 10 -
SGDM  97.6,05 836,05 | 796,54 588,55 | 523, 11s c.
o = 01 SGDM (J,) 98.0¢(01) 86.1¢(0 3) 779J,(7l) 604¢(07) 528¢(ll%)
Adam 96.4“1_7) 80.4“(-,_()) 85.0¢(0.0) 55.4“5,7) 58.2“5 9) O
Adagrad 899 52) 463 10.1)| 841,09 496,115 | 48.0 0161 CIFAR-10 CIFAR-100
SPS 96.0“2.1) 850“1 4) 70.3“14_7) 42-2¢(18.9) 42.2“21 9) ResNet_’] 8 ResNet_'] 8
A-SGD 98.1,0.0) 86.4,0.0) | 84.5,0.5) 61.1,(0.0) 64.1 (0.0 (C)
' - B A-SGD (ours — D B SGD (deca R DM
SGDM  77.9 196) 13 7ya5) | 284,55  248,7.0) | 220,004 ours o0 ey >
o = 0.01 SGDM (]) 94.0“3.5) 79.5“0 7) 29.0v|(4_9) 20.9“1()_9) 14.7¢(1(, 7) s SGDM (decay) e Adam Adagrad B SPS
Adam 80.8“16_7) 60.6“1() 6) 22-1“11.8) 18.2“13_6) 22-6“8.8)
Adagrad 72.4“25_1) 45.9\[{(34 3) 12.5“21_4) 25.8“6.()) 22.2“9.2)
SPS 697¢(278) 44°O¢(3(’ ')) 215¢(124) 220J,(()8) 174¢(14())
A-SGD  97.5,00) 80.2)(0.0) 318400) | 314400

Junhyung Lyle Kim
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Effect of different level of non-iidness

CIFAR-10 trained with ResNet-18 FMNIST trained with CNN CIFAR-100 trained with ResNet-50
90 1 P |
. — 30- 60-
5 70- 50) -
s N\ 70-
O 50 40 -
<
7 60-
N 20 30+
|_
50_ ZO_
10 += : : | . . . . !
[ 0.1 0.0 [ 0.7 0.0 1 0.1 0.0
Dirichlet Parameter « Dirichlet Parameter « Dirichlet Parameter «
(A) (B) (C)
—de— A-SGD (ours)  =%=— SGD  =—#&— SGD (decay) == SGDM  =2¢= SGDM (decay) - Adam Adagrad  =—@— SPS

Once you change the dataset / architecture / heterogeneity, you have to fine-tune your client optimizer
again to ensure proper learning. A-SGD performs well and robustly in different FL settings.
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Well-known adaptive step sizes have limitations

X1 =X — N, Vf (xt)

Line search: 1, = argmin f(xt — ’YVf(Xt)) Additional computation

1
fOe) = f(x™)
Polyak step size: 1, = HtVf(—x)Hz Knowledge of f(x™)
[
129 — x|
(Norm) Adagrad: ;= e — Knowledge of ||xg — x|

v i VA2
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Little effect on ditfferent number of local epochs

CIFAR-100 + ResNet-50

Dirichlet Parameter e =0.01 Dirichlet Parameter a=0.1 Dirichlet Parameter a=1
06
0.5-
0.4+
0.3+
0.2
: . 0.7 1
0.00 1 | | | | 0.0 | | | | 0.0 | | | |
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Number of Rounds Number of Rounds Number of Rounds
(A) (B) (C)
—— Localepoch E=1  —— Localepoch E=2  —— Localepoch E=3
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Different number of local data per client

Junhyung Lyle Kim

Non-iidness  Optimizer Dataset / Model

CIFAR-10 CIFAR-100

Dir(a - p) ResNet-18  ResNet-50
SGD 80.7,00.0)  53.5,(1.0)

SGD (})  78.8,1.9) 53.6,(3.0

SGDM 75.0 (5.7 53.9(3.6)

L _1 SGDM() 666,111 531,04
Adam 79.9(0.8) SLI 6.4)

Adagrad 79314 445,130
SPS 644¢(1()3) 372¢(203)

A-SGD 804,03  57.5,0.0)
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Quantum State Tomography, Single Qubit Case

- Any single qubit state can be written as “Dauyli
1 matrices”
p=5<l+rxax+ry0y+rzaz> 0:'() 1| 6:'0 —i 0:_1 0 |
ol Yoo Flo -1

where r, = Tr(po,), for a = x,y,z
> Expectation value of o, w.rt p

» How do we “‘measure” r, = Tr(po,,) 7

E.g. M = 1000
» Prepare M number of copies of the state p Measurement using o, suppose we find

the qubit in state |0,) 400 times,
> Measure the projection of p onto eigenvectors of o, resulting in ay, @, ..., Gpd in state | 1.) 600 times
. .

We can estimate

| S @M\&zﬂ:yzond
» Approximation of Tr(pao,,) is given g <l 1000 " 70

Tr (%ligl(lz\) x 160% = ¥y
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Quantum State Tomography, Single Qubit Case

. Once we have y;* fori = {0,1} and a = {x,y, z}, we can solve:

minimize flp) = Z Z (Tr(pAl.a)—yi“)z

dxd
pet a=x,y,z 1=0,1 T

A =1iy)(i,| “rank-1sensing matrix (outer
subject to p>0,Tr(p) =1

product)”
- More generally we can solve: l >(<Q7(p)> = Tr(pA;) where A, € C™ j=1,...m
l
i 1 2
mlpf;légjdze fp) =Sl (p) yon
subjectto  p >0, Tr(p) = 1 * measured datay € R"”

« How does it scale?

Forn = 16 qubits, p € C%

grows exponentially (recall: d = 2”)Where d = 651536 need
» Amount of data: from &/(p) =y, if we have accesstoyy, ..., y,, and A, ..., A that form,ﬂngt@r(qﬁﬁ}) bf%sigl_fczg4 06

» Optimization: the space of p € Caxd

C¥d (ie.m = d?) we can reconstruct p with linear inversion
measurements
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Convergence theory

S T CE A A = e A

V1tds,—1—=095, 4 10 < 10
To, ()15 =S o (o) T52,)" |

e e e R S I AT R R A A e e R A o R e R e e S A R T e L R R R e R i Y o e R e RS e T e e R AR S S e o R e R i i s Sttt R Setiriabieir-3ss e

MiFGD returns a solution suchthat """

1/2

J+1
| . 1—6o. ) * 2 . * 2
min |U; 1 — U R||r < (1 — \/_1+6;.,~) (glelg |\Uo — U R||% + min \U_1—U R”F)

ReO

6 6 1/2 o\ e
(1-0.25)" ~0.1779 vs. (1 —\/0.25> ~ 0.0156 - [u| - o1(p™) /" -7+ [ 1= (1 - \/ﬁ) (1 - \/115232)
1 -6,
(1— 2 ) VS.

1 + 0,,

AN

J+1 1/2
!(1 — H_gjf') (mm |Uo — U*R||7 + min |[U_, — U” R“F) + O(p),

ReO ReO

where £ = \/ ] — fnoxle *1)0(1_52") . That is, the algorithm has an accelerated linear convergence rate in iterate distances
up to a constant proportional to the momentum parameter L.

Junhyung Lyle Kim Algorithmic, Structural, and Pragmatic Acceleration Techniques in ML and QC



MiFGD performance on real quantum data

o | p=>0 p=0
= p=1/8 p=1/8
X p=1/4 - p=1/4
ST p=1/3 | = 2] p=1/3
GHZminus (6) CYniE w=3/4 Ry h=3/4 GHZminus (8)
| S p=p | p=p
& % 3
O
TE ]
X ]
: T T o . . r
0 000 1000 0 100 200
lterations lterations
OS i
X
N
i o ]
Hadamard (6) N N Hadamard (8)
= =
-—I<O .
X
=
0 500 1000 0 100 200
lterations lterations
(m = 20% - d?] | |
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Comparison with SOTA: Qucumber NN methods

| Torlai et al., 2018]

1.00- ey R R( —_— ]  1.00- ~
—— GHZ(3)/PRWF
0.75° — GHZ(3)/CWF 0.8 0.75: —— Random(3)/MiFGD
£ — CGHZz(3)/DM ) £ —— Random(3)/PRWF
g 0-50 S S (.50 —
= ir 0.6 —— Hadamard(3)/MiFGD | ir Random(3)/ CWF
0.95 —— Hadamard(3)/PRWF —— [andom(3)/DM
' 0.4- —— Hadamard(3)/CWF 0.25-
0.00- ' —— Hadamard(3)/DM
101 10* 10° 101 10° 103 101 10! 103
Time (secs) Time (secs) Time (secs)
1.00 1.0+ ———— 1.0
0.75- ~N 0.8-
— GHZ(4) /MiFGD 0.8 —— Random(4)/MiFGD
%’ 050 ——— GHZ(4)/PRWF %’ %’ 0.6 —— Random(4)/PRWF
'-LE ' — GHZ(4)/CWF E —— Hadamard(4)/MiFGD 'LCEJ —— Random(4)/CWF
0.95 GHZ(4) /DM 0.6 ~——— Hadamard(4)/PRWF 0.4 Random(4)/DM
' —ne —— Hadamard(4)/CWF
0.00- 0.4- —— Hadamard(4)/DM 0.2
1071 10! 103 1071 10! 103 10° 102
Time (secs) Time (secs) Time (secs)

[m = 50% - d?]
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Numerical Simulations

(GHZ state reconstruction: n = 6, M = 10

100 1 . ]
~ ] l '
= —_— h=1
~ e ) — ()
> bEa N

| — h =150
}_ E
<S 1 \ BT h = 100 -
S 10 N— h =200
0 20 40 60 30) 100

Number of synchronization steps t,

Scalability: # synchronization steps to reach € = 0.05

Wy |
-

N

-

Synchronization steps ¢,

o
-

|

- g0

w4

Junhyung Lyle Kim

10

15 20

Number of workers M

Increasing number of local iterations lead to faster
convergence in terms of the synchronization steps.

Speed up gets marginal: there is not much difference

between h = 100 and A = 200, indicating there is an
‘optimal” number of local iterations.

Higher h leads to slightly worse final accuracy—consistent
with Theorem 1

Number of synchronization steps to reach € < 0.05 while

fixing h = 20. Each machine gets 200 measurements.

Significant speed up fromM =S5toM = 15.
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Function class and assumptions

Assumption 1: The function f; is u-restricted strongly convex and L-restricted smooth. That is, for al
X,Y > 0Oandforalli € |[M], it holds that:
) > fX) + (VLX) Y =X)+5 X - Y| and (-
VX)) = Vil < LIX = Y][£ (

Assumption 2: The stochastic gradient Vglf s unbiased, has a bounded variance, and is bounded in

expectation, forall1 € [M]. That is,

E[Vel(U)] = Ve(U), (20)
[Ej: Vglf(U) — Vgi(U)II%] <o¢% and (2b)
EIVe(W)IIF] < G, (2¢)

where J follows a uniform distribution.
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Exact local sub-linear convergence

Theorem 2: Let Assumptions 1, 2, and the initialization condition of Lemmma 1 hold. Moreover, let

1, = a(ti—2) fort € [0 : T] and max L, — Lyt < h. Then, the output of Algorithm 1 has the
p

following property: . AC

E|D*(Ur,, U)| < :

D"z, U] (T + 3)
where X ™ is the optimum of fover the set of PSD matrices such that rank(X™) = r, U™ is such that
3u 2

X*=U*U*", and a = 1—00,, X*Yand C = (h— 1)*(h + 2)2G2+6M are global constants.

- We can show the exact local convergence by using appropriately diminishing step sizes

- But the convergence rate reduces to a sub-linear rate.
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