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Universal Classification Consistency Guarantee Approximation of MaxLin
Let Y € Y = [m] be the class label and X € X € RY be the feature We design three synthetic datasets with n = 200:
vector. The universal classifier space contains all Lebesgue measurable Theorem (Informal). There exists a positive function €(f) depending MaxLin objective value is typically within about 5-11% of the best
mappings f : X — V: only on the Wasserstein radius 0 such that MILP lower bound.
. N Testing accuracies are close to MILP solutions.
vyc = inf E(X,Y)N[PD []l{f(X) 7é Y}] < i X — i X < 0 li ) =0 .g . . . . .
fer uc = M Vi, o = M Vi = Ve + €(6), 9'17(‘) €(0) =0. MaxLin is substantially faster, especially in harder parameter regimes.
In practice, Py is unknown and we only observe samples {(x',y')}7_;. We Dot o : — ,
’ = - j. Gap MaxLin Acc. MILP Acc. MaxLin Time (s) MILP Time (s)
hope to develop a data-driven method to approximate the theoretical value Interpretation. p— e eren  resao oo P
e Both formulations are consistent with the universal classification vyc Lol N o Ty S oL o QN ocg e fLi ey
as 6 | 0 and sample size goes to infinity. Wave 5.1-9.0%  73.2-77.2%  74.7-76.4% 0.11-0.35 0.35-59.3
Distributionally Robust UC MILP Reformulation lllustration of the Classification Effect
We define aEype_]_ Wasserstein amb|gu|ty set centered at the empirical Let dU _ ||3(\, . 3(\]” The in-sample DRUC value V,‘??“ equals the optima' n Difference of Testing Accuracy under Difference § Compared to Baseline Testing Error and Training Error for Different 8 Values and Number of Points
distribution P,: e 6 - a i ﬁ ‘ ‘ i ﬁ
Pw(X xY) = {IP’ eEPX xY): Wl(]P’,I@,,) < 0}, min  fa + 1 Z Y E l ‘ L.
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where the transportation cost is sit.  djo+ A+ we; >1, Vi, j € [n], - ﬁi-} s
Koo+ A > 1, Vi € [n], e oo oo o o o T ST Toe G
/ / / / - Value of 8 Number of Points (log scale)
ci\xX,y),\x,y = X=X +/§;]]_y7éy . _ 9 o
(( I )) | | { ) Z wiy =1, Vi € [n], Accuracy improvement vs. 6. Training/testing error vs. sample
The (global) DRUC problem is yeml . size.
az0, A 20, Wiy & {O’ 1}7 vie [n]’ e [m] " Original Labels i In-sample policy of MaxLin
v = inf su Ep [1{f(X Y1]. - o o % 0 & 80,8 . K aa, B bes,
" fE}-H.‘Depr(E(Xy) P [L{F(X) # V1] wj, = 1 assigns label y to in-sample feature point X'. ° o % o et L, ° S Y S oo ot

MaxLin Approximation Algorithm

In-sample DRUC

To overcome the infinite-dimensional nature of global DRUC, we restrict MILP is computationally expensive as n grows. We propose MaxLin:
the perturbed distribution to be supported on the in-sample feature space
Ap x Y. That s, [ Solve LP relaxation of the MILP ]
X, -
Yn© = flnf SUE Ep []].{f(X) # Y}] ’ [ Obtain fractional label weights wi" ]
IP’EPW(X,,Xy) -

Between In-sample and global DRUC. [ Assign X' to arg max, wi? ]

We consider the nearest-neighbor extension f to connect an in-sample Original labels. Optimal in-sampl.e classifier by

classifier f to global solutions. [ Evaluate robust objective ] MaxLin.

Through nearest-neighbor extension, we prove that the in-sample L. . . .
& & P P MaxLin improves testing accuracy for a suitable robustness radius 6 and

DRUC is asymptotically equivalent to DRUC. Theorem (Approximation Ratio). Let { Wi, }ic(y ye[m] be the yields a stable classifier with good performance.

sollien @R dntelin WERtile, e i GentEpontiivg ehlsaive The in-sample classifier refines the original labels in uncertain regions,

] ~ X, X, . . . .
value in the MILP be v,. Then we have vi™ < v, < 2v;". illustrating how the method exploits local structure in the feature space.
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