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https://medium.com/@ngneha090/a-guide-to-supervised-learning-f2ddf1018ee0

Supervised Learning
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https://medium.com/@ngneha090/a-guide-to-supervised-learning-f2ddf1018ee0

Supervised learning

* Distinct training and testing phase

Supervised Learning

Labeled Data

* “Batch” learning: hypothesis based on looking at all OO ‘ .
L. Machine ML Model Predictions
training data at once VAN O VAN
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* Goal: obtain good generalization/prediction on new data m@m,e 9 / ]

points N O A O

* Analyzed using the PAC framework
[L. G. Valiant, Comm. ACM 27(11), 1134 (1984)]
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On lil’l(—.‘ l(—.‘a I’ning [N. Littlestone, Machine Learning 2(4), 285 (1988)]

» No training or testing phase

» Data is given sequentially > Learner
fe1 — f
» Data can be non-IID, adversarial
» Goal: minimize the number of mistakes and the regret: Xt ys felxe)
T T
Rri=)_blh(x)) —min ) 6(f(x)),
=1 S ———|¢——1 Source [¢

where ¢ are loss functions, e.q., (") = |(-) — y¢l-
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Learning qua ntum processes

Our goal: learn expectation values of quantum processes:
f(x) = THMN(p)] = Tr(p" ® M)C(N)],
where C(N) is the Choi matrix/representation
»
CON) = ) ikj1 @ N(lix).
ij=0

More generally, we aim to learn

T{ECN)|, for 0<E<o®L
The regret is @ ‘. ))) @

) ) p u N0
Rr =) G(HEINY) — min 5~ G(THEDCON). I
= = Prv] = Te[MA(p)]

* We aim for a regret upper bound of O( Tpolg(log(d))),
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Learning qua ntum processes

Our goal: learn expectation values of quantum processes:
f(x) = T{MN(p)] = Tr[(pT ® M)C(N)],

where C(N) is the Choi matrix/representation

d—1

CIN) = ) [iXil @ N(lij])-

ij=0

More generally, we aim to learn Learmar

NE=) 5 N

~

TECQN), for 0<E<o®l.

The regret is
9 £ (T EOND) T EONO]

T T
_ NG TE
R =) &(TEVNI) NQCLIQTPZ@(ME CN). .
t=1 t=1 «——— Source

4

* We aim for a regret upper bound of O (w/ Tpolg(log(d))),
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Learning qua ntum processes

Our goal: learn expectation values of quantum processes:
f(x) = T{MN(p)] = Tr[(pT ® M)C(N)],

where C(N) is the Choi matrix/representation

d—1

CIN) = ) [iXil @ N(lij])-

ij=0

More generally, we aim to learn

TECQN), for 0<E<o®l.

The regret is

T T
— (6) (B — i () Prfi] = Te[ED (V)]
Ry ;@(Tr[E N NQCLIQTP;@(ME CN).

* We aim for a regret upper bound of O( Tpolg(log(d))),
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Results

G-gate channels Pault channels

Regret upper bounds 10) (L~ /TG log(Gn)) 10) (L\/ﬁ)

Mistake upper bounds o (LZGIOZG(GH)) 0 (%ﬂ)
& &

* Exponential mistake lower bounds for arbitrary channels.

» (-gate channels: Channels decomposed as a sequence of at most G two-qubit channels.
» Pauli channels: Kraus operators are Paulis.

* Results extend to arbitrary convex combinations of known channels.

* Results extend to arbitrary convex combinations of multi-time (non-Markovian) processes.
*

We also have computational complexity lower bounds.
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Online learning of quantum states*
Scott Aaronson, L6, Xinyi Chen*?, [Elad Hazan?3
Satyen Kale! and Ashwin Nayak"
[arXiv:1802.09025]

* Regret upper bound: O(v Tn).

Algorithm Matrix multiplicative weights (MMW) algorithm

Require: n € (0,1]; Initialize W) = 1,
T fort=1,2,..., T do Learner

-

2 Output the decision/estimate wlt) = % w(t_” — w(t)
,
3 Receive the cost matrix L), —1, < 10 < 1g.
(1) el E(1) (1)

Update the weight matrix: W(t+1) = e><p{7/721,:1 Lt ] = expllog(W(t)) — ni ()] E £(Tr[EW ) THEY W)

5: end for
Elt+1)
———|¢——1 Source [

For an arbitrary state p:

ZTl[L < T |:p (im
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Why can’t we learn the Choi state?

Our goal: learn expectation values of quantum processes:
THEC(N)],

where C(N) is the Choi matrix/representation

d—1
CON = ) lixil ® N(|ij1)-
ij=0
The Choi state is
1 d—1 1
ON) = 3 |iKi @ N(i)jl) = - CN),
i,j=0

which implies that
TECN)] = dTrHEDN)),

where d = 2"
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Why can’t we learn the Choi state?

Our goal: learn expectation values of quantum processes:

THEC(N)],

where C(N) is the Choi matrix/representation

d-1
CON) = 2 [T @ N(iX))-
L;) * Good regret and mistake bounds for states lead to
exponential bounds for channels!
The Choi state is
| @ ] * The Chot state also satisfies
SN = — ) il @ N(|ijl) = ZC(N), 1
d ,J'Zzo d Trout[(l)(N)] = E]lm
which implies that So state online learning algorithms cannot be directly

applied.
TEC(N)] = dTr[E®(N)),

where d = 2"
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Why can’t we learn the Choi state?

Our goal: learn expectation values of quantum processes:

THEC(N)],

where C(N) is the Choi matrix/representation

d-1
CON) = 2 [T @ N(iX))-
L;) * Good regret and mistake bounds for states lead to
exponential bounds for channels!
The Choi state is
| @ ] * The Chot state also satisfies
SN = — ) il @ N(|ijl) = ZC(N), 1
d ,J'Zzo d Trou[®(N)] = E]lm
which implies that So state online learning algorithms cannot be directly

applied.
TEC(N)] = dTr[E®(N)),

_ _ on * Our actual task is to learn the Choi matrix!
where d = 2"
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Regret upper bound for Pauli channels

Let P be an n-qubit Pauli channel. There exists a sequence of Pauli-channel Choi matrices N such that

T T
Y a(TEOND) =5 o (THEYC(P)) = O(LVAT).
t=1 t=1

Pauli channels have the form

Plo) = ) paxPTrOP,
zx{01}"

where

P** = (+0)2*72X*, x,z € {0,1}",
72 =70Q729 @7,
X=X QX2 Q@ X,

and {pzx}zxefo1} is a probability distribution.
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Proof technique: the (matrix) multiplicative weights algorithm

Algorithm Multiplicative weights update (MWU) algorithm [arora et al, Theory of Computing 8(6), 121 (2012)]

Require: n € (0, %] T € N rounds; d € N decisions; initial weights wll = (1, 1).
1. fort=1,2,...7 do
2 Output the decision/estimate p!f) = "d‘]’—::)) p =57 Wl(r),
3: Receive the cost vector m!t) = (ms”, m(z), L, mE/t)), mf.r) el-1,1,ie{1,2,....d}
- (t+1) (t) 0y ;
4 Update the weights as w; =w, (1—nm’), ie{1,2,..., d}.
5 Set wlt+1) — (WW(HFU, Wétﬂ), S W(dtﬁ)),
6: end for

For an arbitrary probability vector g:

! ! log d ! log d
(0) . (0)
E m E m 4 plm)) - > q+nT +
t=1 t=1 t=1 n
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Proof of the regret upper bound for Pauli channels

Algorithm Multiplicative weights update (MWU) algorithm

3 q . Arora et al, T f C 8(6), 121 (2012,
Let P be an n-qubit Pauli channel. There exists a fAvora et ol Theory of Computing §(0) 121 (2012
sequence of Pauli-channel Choi matrices N(t) such Require: n € (0, 1] T & N rounds; d € N decisions; initial weights wll) = (11,....1
Tofort=1,2,...7 do
that
‘ 2: Output the decision/estimate p“) = ‘Z(] Z, 1 w
T T
Z ¢, (Tr[E(T) /\/(l‘)]) _ Z A (TI’[E({)C(‘:P)]) = O(L /nT). 3 Receive the cost vector mlf) = (n” ( ), ,m(dn) m ) e =11, ie{1,2,....d}
=i =1 4: Update the weights as WK(H” = Wf”(’l - /71775”), ie{1,2,....d}
5: Set wltt1) = (w. 5“”, Wyﬁ), , WL({M)).
6: end for

For an arbitrary probability vector g:

! logd
Zm“) Z n(t)~q+/77'+%.
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Proof of the regret upper bound for Pauli channels

Algorithm Multiplicative weights update (MWU) algorithm

Let P be an n-qubit Pauli channel. There exists a {Aroro et al. Theory of Computing 8(0) 121 (2012)
sequence of Paulicchannel Choi matrices N(t) such Rweqfuuer /7162(0 1]TTl < N rounds; d € N decisions; initial weights wll) = (11,....1
that or t = do
ha 2: Output the decision/estimate p“) = ‘:;—(:]) d)(” = Z,dzw er)
T T
Z ¢, (Tr[E(T) /\/(“)]) _ Z ¢, (TI’[E({)C(‘:P)]) = O(L /nT). 3 Receive the cost vector mlt) = (mgr),m(zt), ,m(dn) m e =11 ie{1,2,....d}
=i =1 4: Update the weights as WK(H” = Wf”(’l - /71775”), ie{1,2,....d}
5: Set wltt!) = (W1([H), Wyﬁ), , W({M)).
Proof: Map to the MWU algorithm as follows: 6: end for
N = Z /J(z,)xrzx. For an arbitrary probability vector g:
zxe{0,1}"
T
0. (t) logd
m' = (mzx)zxeqo1}r. Z mt . p Z m® . q+nT + %
1 =1
mih = 7 G(THEUNUYTEO =],
ZX
|—z,x — (]1 ® PZX)“—XI—I(H ® PZ,X)’ C(:P) Z qZ,XF .
zxe{01}"
M= 3 laa)
ac{0,1}"
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Proof of the regret upper bound for Pauli channels

Lemma: For ¢ convex and differentiable,

Let P be an n-qubit Pauli channel. There exists a T T
> (&l — ettt} < 3 (GUhixlihix) — f(x)).

sequence of Pauli-channel Choi matrices N such
t=1 t=1

that
T T

Recall: £(x) = THEWN®] Then,
S e(TE® Z MEOCP)) = O(LVnT). ecall: fibw) = T b Then
t=1 t=1

%@imw‘” NeB)TE g = m¥ g,

(t) . (t) Fzx
NI =% ek, —WT[EAB ]T[EAB Dgl=mt - pl0),

zxe{0,1}"
mt = (m(zl)x)Z xe {01} Therefore, setting n = v/n/T:

0 _ (ONTHEOZX T
myly = € (THEWNONTHEOTZX], : nlog4
Lt > (alESGNGGD - a(TEY,CTa) ) <t (nr+ e )
CO= ) Geal™ = !
z,xe{01}" = 0O(LVnT).

T T
log d
(0. plo) J
m' . plt < m't q+nl + ——

13/14
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Summary and outlook

» We consider learning channel expectation values in the online setting: observables can be provided in a sequential,
adaptive, and adversarial manner.

» For general channels, exponential mistake and regret bounds.
» For special classes of channels, we get good mistake and regret bounds (e.g., Pauli channels).

» Open question: MMW-style algorithm for quantum channels? (Like a max-entropy principle for quantum channels.)

Thanks!
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