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We consider a convex optimization problem: min F(x), Q@ C RN o Fi hset of blocks: S 1 - n :
ek X a su seN of blocks: S C { ,/\;..,n}. | | min | P(w) = Z¢i(b,TW) + g(w)
e Gradient Descent requires K = 0(1/5) iterations to solve the problem e For y € R" denote by yj5; € R" the vector with zeroed i ¢ S. weR? | — regr“"marizer i
with accuracy e: F(x*) — F* < e. Cubic Newton [1] requires O(1//€ 1 i on: b(3) = loe(1 —v-a)) Poi
A S ( ) o Mys(xiy) = F(x) + (Vo(x), ys) +—<V2gb(x)y[5],y[5]> n %HY[S]Hg ExamPles. Logistic regression: ¢;(a) .og( + exp(—y;a)), Poisson
' - . 2 regression: ¢;(a) = exp(a) — y;a, Generalized linear models.
' ' 3 ' 1S | + (Vgl(x), + —(Ayig, + {,'X,'—F i) — ,'X,'] . . . '« _
e But t_he costs of one |terat|9n are O(N) and O(N?) respectively. This is (Ve(x), yis1) 2< Yis] Ys)) Z Vilxi) + Yi)) — Yilxi) Reformulation: min P(w) = min Z¢i(ﬂi) + g(w)
too high for huge-scale applications. i€S weRd weR? | “— d.ffg\f"t. .
- - N | /JERn N , ITrrerentiaple™
e Modern block coordinate methods [3, 2] have computationally effective e From smoothness: £(x +y) < My s(x;y) Vx,y € RT for H > Z ;. b/ w=p, Seliar.ab'e'
. “— WICE
steps (updating only a subset of coordinates per step) and their | > =Q differentiable
convergence rate is similar to that of the full methods. Thus, they are e Step of the method: TH,S(X) = arégllvll’l MH,S(X; )/)- e Option 1: Solve this using the primal method (Algorithm 1).
: i : . YR n
suitable for huge-scale applications. st. x+yeQ Dual Problem: mind P(w) > max D(a) = Z — (o) — g (_BTQ)
e Our aim is to develop a fast second-order method with global wek aeR i=1 e~
complexity guarantees and low cost of every iteration. By utilizing the Algorithm 1: Randomized Block Cubic Newton (RBCN) SedR?Ffab'eé_tEVIice
proble_m structure, we comb.lne.the block—coor,dlnate randomization . e Option 2: Primal-Dual algorithm: updates of the cubic model My s(c; ) for Dual
technique and cubic regularization of Newton's method. Parameters: starting point x° € @, uniform random distribution S. oroblem.

Iteration k > 0:

Problem Structure 1. Sample S ~ S Algorithm 2: Stochastic Dual Cubic Newton Ascent (SDCNA)

Consider the following decomposition for F : RV — R: 2 Find Hi > 0 such that

F(x*+ Ty s.(x9) < My, s (x* x5+ Ty, s.(x9). Parameters: starting dual variable o € Q, distribution S, Hy > 0.
Fix) = ox) + glx) + ¥x) | P | i -
twice differentiable onsmooth 3: Make the step: Xk déf XK + THk Sk(xk)' iteration « 2 0.
~ twice ifferenti nonsm ) : o det " T k
differentiable but simple 1: Make the prlmal update: w- = Vg (B @ )

For a given space decomposition
RN = RM x ... XRN”, X = (X(l),...,X(n)), X( ) ERN’,

Convergence Results > Sample S, ~ S
3: While My, s (a*; o + Ty, s.(a¥)) > —D(a* + Ty, s,(a*)) do

assume that ¢ and v are block separable: We want to obtain: IED(F(XK) _F* < e) > 1—p, He— 05 H,
n n P °
_ _ e > 0 is the required accuracy, p € (0,1) is the confidence level. . N B ST o k
d(x) = Z¢"(X("))’ (x) = Z%’(X(i))- q y, p € (0,1) 4: g/lak/e_lthe du;l ulsdate. Q a“ + Ty, s.(a)
— — : oo 5. D€t = <
| =1 N =1 N Theorem 1. Under our assumptions, it is enough to set K :
here are no assumptions on the block separability of g : R" — R. 1 n 1 A
C e . . K =0[—-—-{14log- where 7 = E[|S]|]. Experiments
Thus, our Convex Optimization Problem has the following structure: E T gp ’ 15]] P
] n n _
. B : y Training Logistic Regression (Algorithm 1 Training Poisson Regression (Algorithm 2
min F(x) = Z¢i(x(i)) + g(x) + Z¢i(X(i)) | Theorem 2. Let o € [0, 1] be a special condition number (see our paper). . kg .g ° g ! b( _g . _1)_6 g g (Alg )
' =1 i=1 - We have a bound for it: o > A\pin(G) / Amax(A). | oy o G e
N e o o | L A o [ Skt e S B i Sy
where () C R™ is a simple convex set. Then if o > 0, it is enough to set 2. e ‘;E\Q B I 1N o I A
1 1 1 | \"‘\f i N
p— 8" Block coordinate Gradient Descent g v §10 N IS L§ I <l\ 383222122
3 8 J W rh e
: g ) g et R
°® Every ¢i1 | € {]_7 e n}, is twice-differentiable and convex, with Theorem 3. StrOngly convex case. Let H = )\min(G) be greater than zero. N smasan """"" RN A
Lipschitz-continuous Hessian: Then it is enough to set sk " Blckaizs SDNA: [2] and SDCA: [4] methods.
2 2 N, )
[V26,(x) = V2oi(y)ll < Hillx—yll, WxyeRY: 1\ 1 HD e D 0
.. . : : . . o — ] ' ' max 4 ; 1 , Where il HX — X H References
e g is differentiable, and for some fixed symmetric positive semi-definite Ep) T O .M

matrices A > G > 0 we have, for all x,y € RN:
o g(y) < g(x)+ (Vg(x),y —x) + 3(Aly — x),y — x),
e g(y) > g(x)+(Vg(x),y — x) +3(G(y — x),y — x).
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