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o JEAH [ 152: Alessandro Rudi, Raffaello Camoriano, and Lorenzo
Rosasco. Less is more: Nystrom computational regularization.
o ZEAH[iE: Alnur Ali, Edgar Dobriban, and Ryan J Tibshirani. The

Implicit Regularization of Stochastic Gradient Flow for Least Squares.

RKHS

&5 Steinwart and Christmann (2014) HHXT RKHS f)5E .

Definition 4.18. Let X # () and H be a K-Hilbert function space over X,
i.e., a IK-Hilbert space that consists of functions mapping from X into K.

i) A function k : X x X — K s called a reproducing kernel of H if we
have k(-,z) € H for all x € X and the reproducing property

fx) = {f, k(- 2))

holds for all f € H and all z € X.
ii) The space H is called a reproducing kernel Hilbert space (RKHS)
over X if for all x € X the Dirac functional 6, : H — K defined by

0:(f) = (=), fed,

1§ continuous.

RKHS H — 47 1 .

o EZZHLI, reproducing property
o MREHOR S A IE R
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#E TP (Gradient Descent)
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MCMC&Langevin dynamics Sampling

DU 3577 P ) MOMOC SKARHR S M0 R 52 1, Langevin 31376 5
FBBONTE N TR, SRR LA B 5 UL E] MAP (K
JERARHO YT %o BUTTAR L, ARSI TS R 30 A o 1 DU 357 4 5
p(01X) o p(O) TI | pla;]0), TERFVGEARHUEI n < N AMBEA {2y, 2, )}
4175 3] SGD optimization HJIEARA:

€ N
AG, = Et (V]ogp(Gt) + - ZVlogP(wtth))

=1

Langevin dynamics B9 AN 7 MAE I,  ATAGHUREAS K )7 2 5 5 50 70 A
(177 Z A, JRE[:

€ N
Ab, = B (V logp(0,) + o ZVIogp(xtiwt)) + 1, n, ~ N(0,¢).
i=1

Xifara et al. (2014) $2&H T Metropolis-adjusted Langevin algorithm, #HLt
WA B R RS SUA B At AR R 38 o A B RE T . T B AE B AR /A N m i
M FEIARE, 6 & Metropolis-adjustment FFJH] stochastic gradient
Langevin dynamics fH#F 45 R :

Langevin dynamics x~N(y, %)

K 1: unadjusted Langevin dynamics: Gaussian
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Metropolis-adjusted Langevin dynamics x~N(u, 2)

X2
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2: Metropolis-adjusted Langevin algorithm: Gaussian

Langevin dynamics X ~ px(x)
2 9 Y 5 Px
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i 3: unadjusted Langevin dynamics: Banana

Metropolis-adjusted Langevin dynamics X~ px(x)
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4: Metropolis-adjusted Langevin algorithm: Banana

Al W22t Metropolis-adjustment FI5LVEA B AP IR RCR . RASGEE 25
7 Ali Siahkoohi FJ&EF, I R ARAEHRAE, T BRSSO T
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FriH SR

(&3 973: 01D
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o P33, RS>, SDE discreterization H 15 J fif;
o P44 I/ condition MR SIRAT A, IX/NE S THI ) 3C F H I A H I
it s

(i) Source condition. This first quantity controlling the bias, will quantify the difficulty of the learning
problem through [['/277 f,l3¢, for r € [0, 1]. Indeed, the source condition is an assumption on the
bigger r € [0, 1] such that

”21/2-rfFHH < 4o (46)

It represents how far in the closure of H the Bayes optimum stands. Note that r = 0 is always true
since f, always belong to L? .

(ii) Capacity condition. This second quantity controls the variance and will characterize the decay of
eigenvalues of ¥ through the quantity tr¥1/_ Indeed, the capacity condition is an assumption on
the bigger a € [0, 1] such that

e < 400 (47)

This is related to the a-decay of the intrinsic dimension tr [(£ + AI)~'X].

Kl 5: try

o P52 (ii) £EAHMELRM?
« P136 infinitesimal generator of the Langevin diffusion A& &f14, bk
AR 2 T 2 5] Markov ERERUMSY, WG, HAAH.

E TR to-do

Fi 4% Ali Siahkoohi frfQAD 5 2

I P34 figure 5 (Ali, Dobriban, and Tibshirani (2020) 9 figure 2)
B R EER M T EAMEZE literature, F3E if necessary

¥4 1% Welling and Teh (2011) if necessary, X 3% 5 B 1R
intuitive, ¥z ' MCMC, Ui, Langevin dynamics 8 5 &
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