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Learning with Augmented Classes

We study the learning with augmented classes problem (LAC),
where augmented classes unobserved in training data might
emerge in the testing phase.
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* Previous studies generally attempt to discover augmented

classes by exploiting their geometric properties

* Generalization ability of learned models is less explored

Exploiting Unlabeled Data

By exploiting unlabeled data, we develop the EULAC approach,
which enjoys sound theoretical guarantees.
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Intuition: approximate the distribution of augmented classes by
separating the distribution of known classes from unlabeled data

EULAC Approach

Class shift condition: testing distribution P;., is a mixture of
those of known P«.. and augmented classesP,. .
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Where 0 € [0,1] is the mixture proportion.

Equivalence of the risk: under the class shift condition,

Ry = Exy)~p [Y(F(X),9))]

Classifiers' risk over testing distribution

Rpac =0 B gyn, [W(F(), 9)] + Bxopte o | U(F(X), 20)]

equal

LAC risk R; 4 can be assessed in training with labeled data and
unlabeled data. Different algorithms can be derived by minimizing
R; 40 on various hypothesis space.

Generalized class shift condition: consider the distribution
change on known classes together with augmented classes
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9-P. prior change happens on known classes

Equivalence R, 4 = Ry, also holds under the generalized condition

Algorithms

O Empirical risk minimization on kernel-based hypothesis set

min
fla--':fffafaCEF

~ K
Rrac + (0 Il + Il facl)

The optimization problem is convex if we choose:
* multiclass loss function ¥ as one-vs-rest loss (OVR)

* binary loss function i in OVR loss is convex and satisfies
Y(z) —(z) = —z for all z € R

O We also minimize R; 4. with deep models
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Theorem 2 (Infinite-sample Consistency). Under the same condition with Theorem 1, when using
¥(2) = (1 — 2)?/4 as the surrogate loss function, we have

R(f) ~ R* < \/2(Rpac(fio-- - i frd) = Riac):

which holds for all measurable functions fi, ..., fx, faoc and f(x) = argmax, .y g ney fr(X)

Here, R}, = ming ¢t Brac(fi,.-, [k, fne) and R* = mingfR(f) =
Ex.)~pr,. [L(f(x) # y)| is the Bayes error over the testing distribution.

Consistency: minimizing R; 4. IS identical to minimize the 0-1 risk R

Theorem 4 (Finite-sample Convergence). Under assumptions of Theorem 3 and let fl., Ce s hﬂ{, fm
be the optimal solution of the optimization problem (8) with certain A > (), we have
K+1 N K+1
NI WA
where f denotes (f1,.... fic. fnc)and F = {f | f1..... [, fnc € F, Zf_l | fillg+ I frcllf < 5}

The parameter ¢y > 0 is a constant related to X in (8). We use the O-notation to keep the dependence
on ny, n; and K only.

Reac(fis-. o fxcs Fre) — J}g[% Rrpac(fis- i f, fac) €O (

Convergence: our kernel-based approach can minimize R; 4.

Table 1:MacroF1 comparison on 10 benchmark datasets

Dataset OVR-SVM W-SVM OSNN EVM LACU-SVM PAC-1Forest EuLAC
usps T542 +487e 7977 +497e 63.141+-891e 61.14+627Te 6920+ 834e 5569+ 133 86.524+2.72
segment T1.78 +5.12e B0.82 +938e 85104+ 5.98 82.13+-588e 4069+ 125e¢ 63.64+13.1e¢ 86.17+ 5.80
satimage 5467 +980e 76204+ 132e 6248+ 11.2e¢ 7210+ 8.16e 51564+ 173e¢ 6076 +779e¢ 8§1.25+ 6.18
optdigits 80.11 +-380e B7B24+464e 8697 +37%9e 7200+833e BOO924+368e 7165+ 546e 91.544+ 2.95
pendigits T278 +5.19e 87.79 + 395 86.69 +339«¢ 8§9.94+ 1.30 T0.66 +6.18e 7321 +452e¢ 88.41 4481
SenseVeh 4807 +380e 4596+4+232e 4991 +6.88e¢ 51.244+391e 51614+331e 54124+719e¢ 77.334+ 2.17
landset 6043 +765e¢ 68914+ 170e 73.254+023e 76.00+7.79e 535904+ 9088e¢ 7050+7.16e 85.70+ 4.46
mmnist 66.74+276e T33B+462e 5775+ 100e 5839+594e 63534+ 758e¢ 4831 1+962e¢ 80.66+ 5.38
shuttle 3739 £ 14.1e 5848 +£345e 4821 L 164 e - 3418+ 134e 2036 L870e 6649+L17.9
EuLac w/t/1 0/ 0/ 0 & 170 & 170 & 170 9/ 0/0 9/ 00 rank first 8/ 9
Figure 2: growing performance with more unlabeled data
1.0 1.0 1.0
0.91 0.91 —|—— — 0.91 — !
0.8 ————— 1 0.84 4+ — 0.8« 7
L07fe—T 0.7 071+ | P — -
w06t = w 0.67 w 0.61
€0.51 Eos5++— T r—+——1+— €0.5-
T 0.4 T 0.4 T 0.4
0.3- —— |LACU-5VM 0.3- —— |LACU-SVM 0.3- —— |LACU-5VM
0.7 - PAC-iForest 0.7 - PAC-iForest 0.7 - PAC-iForest
g-é' (a) mnist —1—Eulac g-é' (b) landset —— Eulac g-é' (c) usps ——Eulac
250 500 750 1000 1250 1500 Y250 500 750 1000 1250 1500 250 500 750 1000 1250 1500
MNumber of unlabeled instances Number of unlabeled instances Number of unlabeled instances
Figure 3: Influence and estimation
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