http://lamda.nju.edu.cn

Consistency Theory in Machine Learning

Wei Gao (= &)
Learning And Mining from DatA (LAMDA)
National Key Laboratory for Novel Software Technology

Nanjing University




Machine learning LAlvbA

Learning And Mining from DatA
http://lamda.nju.edu.cn

Decision tree
learn Network
Training ) SVMs
data / Boosting

Apple?

\
VI

Unknown

data

i

\3‘%.

o

http://lamda.nju.edu.cn/gaow/



LAVIDA

Generalization Learning And Mining from DatA

http://lamda.nju.edu.cn
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data

A fundamental problem in machine learning

Unknown
data

Generalization: model should predict the unknown data well,
not only for the training data
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Given model/hypothesis space H, the generalization error of
model h € H can be bounded by

%r[yh(x) < 0] <

generalization error

I;r[yh(x) < 0] +

empirical error

of

model complexity)
n

> VC theory [Vapnik & Chervonenkis 1971; Alon et al. 1987; Harvey et al. 2017]

> Cover number [Pollard, 1984; Vapnik, 1998; Golowich et al. 2018]

» Rademacher complexity [Koltchinskii & Panchenko 2000, Bartlett et al. 2017]

>

http://lamda.nju.edu.cn/gaow/
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Another important problem in learning theory

Consistency(— 3 J&): model should converge to the Bayes
optimal model when training data size n - oo

¢ Training data sizen - co — big data

¢ Model: deep or not deep

http://lamda.nju.edu.cn/gaow/
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0 Background on consistency

0 On the consistency of nearest neighbor with noisy data

Clean data — Noisy data

0 On the consistency of pairwise loss

Univariate loss — Pairwise loss

http://lamda.nju.edu.cn/gaow/
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learn predict
Training @
data

» Instance space X and label space Y

Unknown
data

» Unknown distribution D over X X Y unknown data

> Training data § = {(xl) 3’1); (xz, 3’2); ery (xnl J’n)} (Ild D)
» Cost function c(h(x),y) w.r.t. model h and (x, y)

The expected risk of model & is defined as
R(h) = E(x,y)~ D [C(h(x); Y)]

http://lamda.nju.edu.cn/gaow/
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Bayes risk:
R* = inf {R(W)} = inf {Ex)- ple(h(x), )]}
Bayes classifier:

h* = arginf{R(h)} (R(h*) =R")
h

where the infimum takes over measure functions.

A learning algorithm A is consistent if

R(Ag) - R* as training data size n — o

http://lamda.nju.edu.cn/gaow/
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& Partition algorithms 1951 ~ today

- Decision tree, k-NN
€ Binary classification 1998 ~ today
- Boosting, SVM...

& Multi-class learning 2004 ~ today
- Boosting, SVM...

& Multi-label learning 2011 ~ today

L ———

- Boosting, SVM...

http://lamda.nju.edu.cn/gaow/
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Partition algorithms

¢ Partition instance space X into disjoint cell A4, 4, ..., 4,,, ...

€ Majority vote for each cell

Examples

— Decision tree [Devroye et al. 1997]
— Random forest [Breiman 2000:Biau et al. 2008]

— Nearest neighbor [Fix & Hodges 1951; Cover & Hart 1967]

How about the consistency of partition algorithms?

http://lamda.nju.edu.cn/gaow/
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Stone theorem [stone 1977]

A partition algorithm is consistent if, as data size n = oo,
> the diameter of each cell = 0 (in probability)

> the size of train examples in each cell = oo (in probability)

k-nearest neighbor is consistent if
k=k(n) »ocandk(n)/n - 0asn - o
Random forest [Biau 2012] is consistent if
the tree deptht = t(n) » w0 andt(n)/n » 0asn — o

Deep forest is consistent

http://lamda.nju.edu.cn/gaow/
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¢ Trainingdata S = {(xq,y1) ... (xy, )}
¢ Real-valued model h: y = 1if h(x) = 0; otherwisey = —1
¢ The classification error is given by

z" Iyih(x;) <0]

i=1 n

o >
| ’ yih(x;)
Minimizing such problem is NP-hard (vitally et al. 2012)

http://lamda.nju.edu.cn/gaow/
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. i Exponential

Convex relaxation: ¢ is a convex and A A
continuous surrogate loss L
n \»—>Hinge
> GO /n .
i=1 .

—_—
o yif (x;)

e Boosting: ¢(t) = et
SVM: ¢(t) = max(0,1 — t)
* Logistic regression: ¢(t) = In(1 +e™?%)

Convex relax.

[

>| Surrogate
0/1 loss |, | J
Consistency? 0SS

http://lamda.nju.edu.cn/gaow/



LAVIDA

Consistency for surrogate loss LeamingAnd Wiing rom Dt

http://lamda.nju.edu.cn

A convex surrogate loss ¢ is calibrated (fig/f) if it is differential
at 0 with ¢’(0) < 0.

Theorem [Bartllet et al. 2007]

The surrogate loss ¢ is consistent if and only if it is calibrated

e Boosting: ¢p(t) = et

e SVM: ¢p(t) = max(0,1 —t) C°/73~

o Leastsquare: ¢(t) = (1 —t)? 'Ste,,t
* Logistic regression: ¢(t) = In(1 + e 1)

http://lamda.nju.edu.cn/gaow/
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Label space Y = {1,2, ...,L}, model h = (hy, h,, ..., h;)

¢ One-vs-one method: Zizj qb(hyl.(xi) — hi(x;) )
¢ One-vs-all method: ¥;(¢p(hy,(x)) ) + X sy, ¢(—hj(x;) ) )

Consistency for multi-class learning [zhang 2004; Tewari and Bartlett, 2007]

e Boosting ¢(t) =e~t consistent
e Logistic ¢(t) =In(1+e7 ) consistent
e SVM ¢(t) = max(0,1 —t) inconsistent

http://lamda.nju.edu.cn/gaow/
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Multi-label learning predicts a set of labels to an instance

True loss L
e Ranking loss
e Hamming loss

convex relax.

» Boosting algorithm [schapire & Singer 2000]

- consistency?

Surrogate loss ¢
e Hinge loss
e Exponential loss

» Neural network algorithm BP-MIL [zhang & zhou 2006]

» SVM-style algorithms [Elisseeff & Weston 2002; Hariharan et al., 2010]

> .

How about the consistency for multi-label algorithms?

[Gao & Zhou, 2013]

http://lamda.nju.edu.cn/gaow/
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Theorem [Gao & Zhou 2013]

The surrogate loss ¢ is consistent with true loss L if and only if
argming ¢(f (x;), ;) S argming L(f (x;), ¥;)

argming ¢ (f (x;), y;)
argming L(f (x;),y;)
> Boosting algorithm ’/}O
» Neural network algorithm BP-MIL o,)%
> SVM-style algorithms ’@o,

> .

[Gao & Zhou, 2013] http://lamda.nju.edu.cn/gaow/
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Previous studies on consistency Loarming And Wig fom DA

& Partition algorithms ?
- Decision tree, k-NN

& Binary classification
- Boosting, SVM...

& Multi-class learning
- Boosting, SVM...

& Multi-label learning

- Boosting, NN...

dat
s Clean data
Noisy data

loss

Univariate loss

|

Pairwise loss

http://lamda.nju.edu.cn/gaow/
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0 Background on consistency
0 On the consistency of nearest neighbor with noisy data

0 On the consistency of pairwise loss

http://lamda.nju.edu.cn/gaow/



Nearest neighbor (1-NN or k-NN) " J DR
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Lazy algorithm: classify by the majority vote of k NNs

new instance

decision boundary
o ¢ NN X '=
~ae e ! |
o ® o sny @0 0 [ @
® / ”””” “ \ ‘
o ® [ ‘ \ \\\ SN II,
‘\.\\ v’ \\VI
_______ Ty
“ ' : II .
° o O N Local
Consistency on NN [Cover & Hart 1967; Sho'~+ €&eeem . y
data
» k-NN (const. k): Clean ¢ +0(1/Vk)
» k-NN (k = k(n) - oo, k/n — 3,

.t +(n)-NN) - R”

http://lamda.nju.edu.cn/gaow/
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In many real applications:

we collect data whose labels may be corrupted by noise
@28 2B
% DATA

''''''''''''''' & ANALYTICS |75

Remains open for nearest neighbors with noisy data

http://lamda.nju.edu.cn/gaow/
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Random label noise with rates
T, =Pr{y) = 1|y =41} and 7_ = Pr{y = +1|y = —1}

r—-\

true label : _ 7 .
:qWIth prob.1 — 1, truga%:e: with prob. 7_
I I
: I

|
\ 'with prob. 7, 1’: with prob. 1 — 7_

observed label observed label

Symmetric noises: T, = T_ Asymmetric noises: T, + T_

http://lamda.nju.edu.cn/gaow/
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Theorem For symmetric noise with rate 7, let hgf be the output of
applying k-nearest neighbor to noisy data S. We have

. ) R* T kl/(d+1)
Es|R(hS)| <R*+0 (ﬁ) +0 <(1 - Zt)\/ﬁ> +0 (nl/(dﬂ))

Whenn — oo Symmetric noise data Noise-free data

1 1
For constant k E¢[R(hE)] » R*+ 0 <\/_F> Es[R(hE)] » R*+ 0 <\/_E>

For k(n) — oo and " "
k_ k) _ g Es|R(hg)] - R* Es[R(hs)] - R*

n n

k-nearest neighbour is robust to symmetric noise for large k

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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Theorem For asymmetric noise with rates 7, and 7_, let hgf be
the output of k-nearest neighbor over S. We have
E¢[R(h)] - R* + Pr[x € B]

fork =k(n) > wandk/n - wasn —» o

The set of instances whose labels corrupted B,
by asymmetric noise

By = {x:(m(x) —1/2)(H(x) — 1/2) < 0}
n(x) = Prly = 1|x]

Motivation: correct examples in By

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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Relations between n(x) and 7(x):
Nx)—1/2=0A-14 —1_)((x) —1/2) + (7= —74) /2

e If 7, > 1_,thenwe have

T_— Ty 1
By = 1 x: <77(x)—§<0

2

e Ift, <7_,then we have

A 1 1_—14
By = x:0<r1(x)—§<

How to estimate 7, and 7_"?

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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The noisy conditional probability 7(x) = Pr[y = 1|x]
The noise estimation [Liu & Tao 2016; Menon et al., 2015] can be given by

Ty = min{A(x)} and 7_ = min{l —7j(x)}
XES XES

k’-nearest neighbor: estimate 77(x) and calculate 7, and 7_

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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Algorithm 1 Robust k-Nearest Neighbor (RENN)

Input: Corrupted sample S, = {(x1,7%1). ..., (€., )}, new instance & € X,
predictive parameter k£ and noise parameter £’

— e — —— m— — — — — e — — — — — — — — — — — — — — —

| 3: Calculate 7j(x) ~ Z_:‘;l Uni(z)/ K, Where &, (o), . . ., Ty () are the k nearest _i

iechbors of & .
| BE8 - Classical k-NN
| 4 Sety=1I[q(x) >1/2] 1

: 6: Update y =0

| & if 7= < 74 and 7j(x) — 1/2 € (7—/2 — 74+/2,0) then

I

I

I

Update B, :

l'9:  Update y =1 :

Output: the predicted label y

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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Table 1: Benchmark datasets

datasets #inst #feat datasets #inst #feat datasets #inst #feat datasets #inst #feat
heart 270 13 vehicle 846 18 segment 2,310 19 letter 15,000 16
ionosphere | 351 34 fourclass 862 2 landsat 6,435 36 magic04 | 19,020 10
housing 506 13 german 1,000 24 mushroom 8,124 112 w8a 49,749 300
cancer 683 10 splice 1,000 60 usps 9,298 256 shuttle 58,000 9
diabetes 768 8 optdigits | 1,143 42 pendigits 10,992 16 acoustic | 78,823 50

Compared method

IR-KSVM: kernel Importance-reweighting algorithm [Liu & Tao 2016]
IR-LLog: importance-reweighting algorithm [Liu & Tao 2016]
LD-KSVM: kernel label-dependent algorithm [Natarajan et al. 2013]
UE-LLog: unbiased-estimator algorithm [Natarajan et al. 2013]
AROW: adaptive regularization of weights [Crammer et al. 2009]

NHERD: normal (Gaussian) herd algorithm [Crammer & Lee 2010]

[Gao et al. ArXiv 2016] http://lamda.nju.edu.cn/gaow/
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datasets (r4+.7_) | OurRENN IR-KSVM IR-LLog LD-KSVM UE-LLog AROW NHERD
(0.1,02) | 85440452 | 7941 L0318 | J088+.1302¢ | S000- 0362 | 8029L.0533e | .7721+.0451e | 7721L+.0525e
heart (0.3.0.1) | 870640403 | 82795 0505e | 6853+.1395e | 8265+ (474e | B088L.0500e | 745640654 | 7338+.0954e
(04.04) | 74710706 | 551551299 | 6471412268 | 6368+ 13048 | 673540917 | 6750406918 | 6074+.1397e
0.1,02) | 881840229 | 8966+ 02810 | 8205+.0363e | 887540323 | 8091+.0374e | 8227+.0409e | 7670+.0611e
ionosphere | (0.3.0.1) | 870540289 | 8795+ 0216 | 8284+ .0353e | 8841+ 02320 | 8045+.0404e | T818+.0386e | 7T341+.1170e
(04.04) | TF705+£.0730 | 672751025 | 6989+.1025e | T341+.1137e | 672740923 | 7102+.0981e | 6227+.1653e
(0.1,02) | 86640181 | 866140246 | .8701+.0145 | 87800179 | .8677+£.0257 | .8701+£.0201 | 862240197
housing (03,0.1) | 869340250 | 858340445 | 869310433 | S6T7H.0356 | 86540357 | 87510355 | .8614+.0347
(04.04) | 8157£0428 | 775604768 | T874L0609¢ | TI73L 0687 | 7976£.0393 | T787L.048%e | 7063L£.1412
(0.1,02) | 9805+0015 | O706+0015s | 984540006 | O786+0015 | 9588+ .0135e | 8852+ 0030s | 86950132
w8a (0.3.0.1) | 98070008 | 9708+ 0011e | 982540012 | 978140016 | 9614+.0127¢ | 889740025 | .88294.008%
(04.04) | 97690073 | 9696+0012 | 97744+.0012 | 972040011 | 9152+.0524e | 8377+.0087e | 7451+.034%
(0.1,02) | 9967+0006 | 9559+ (060s | 9200L£.0117e | 0307+ 0035s | 8108L.0042e | .8370L.0060s | 840210140
shuttle (0.3.0.1) | 995840006 | 9335+ 0029 | 833940155 | 9252+ 0032 | 8099+.0044e | 8200140039 | 8385+.0285e
(04.04) | 9550+£.0310 | 8415£0030s | 805600308 | 84510119 | 80050119 | 798740109 | 82734£.0250e
(0.1.02) | J770£.0012 | 7663+.0033e | 7547£.003% | 7638+ 0036 | 761910033 | .75361.0028e | .7151+.0620e
acoustic 03.0.1) | 7J700£.0031 | 762940030 | 747740058 | 760940030 | 762040025 | 7141+.0043e | 6553+.0769
(04.04) | 7575+£0061 | 7396+ 0034e | 60790998 | T4455 0042 | 756040034 | 753240034 | 5470L+.0888e

win/tie/loss 35/20/5 45/15/0 28/25/7 47/13/0 49/11/0 53710

Our RKNN is comparable to kernel methods

is significantly better than the others

[Gao et al. ArXiv 2016]

http://lamda.nju.edu.cn/gaow/
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0 Background on consistency
0 On the consistency of nearest neighbor with noisy data

0 On the consistency of pairwise loss

http://lamda.nju.edu.cn/gaow/
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Most previous consistency studies focus on univariate loss:
defined on a single example.

true: I|yh(x) < 0] and surrogate: qb(yh(x))

— k-NN, decision tree — Binary classification
— Multi-class learning - Multi-label learning
Advantages:

E e (1RGO < 01] = B [nC01ThG) < 0] + (1= nG))Ih(x) < O]

Consistency analysis focuses on single example

http://lamda.nju.edu.cn/gaow/
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In real applications, we aim to optimize the losses, defined
on two or multiple examples, such as AUC, F1, Recall, ...

AUC: rank positive instances higher than negative instances

+ -

Optimizing AUC is over the whole data,
rather than single pairwise examples

Challenge:

Consistency analysis for AUC focuses on the whole
data distribution, rather than singe or two instances

http://lamda.nju.edu.cn/gaow/
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Sample: §,, = {(xf, +1) ... (x,J{Jr, +1), (xy,—1) ... (x,{_, —1)}
The AUC, w.r.t. score function h, is defined by

> i" FeD < fe e =
nen_ R I'\
=1 j= ﬂsurrogate loss \\\‘@1
i\\\ H
n, n_ f(x+) f(x )) ,;\\\:\? inge
e e
£ L o} flah) — fa5)

v Exponential f(t) = et [Freund et al. 2003; Rudin & Schapire 2009]

v Hinge £(t) = max(0,1 — t) [Joachims 2006; Zhao et al. 2011]

v convex relax.
AUC

Surrogate
" consistency? loss

http://lamda.nju.edu.cn/gaow/
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LAVIDA
Least square loss

Least square loss £(t) = (1 — t)? is consistent with AUC

Proof sketch: For X = {u,2,...,x,} with margin probability p; and
conditional probability ¢, = Pr[y; = 1|z;]

e Qur goalis to minimize the expected risk over whole distribution

Ry(f) =Co+ Y pipj (&1 — E)E(f(xi) — f(x5)) + &1 — &)U f(x5) — f(x:)))
=
Based on sub-gradient conditions, we obtain n linear equations

D pw(&i + G — 268k) (f(xi) = F(xk)) = D pi(&i — &) for each 1 <7< n
Py ki

e Solving those linear equations, we get a Bayes solution

. N e . [Trxi > iy P& + &k — 258)
I{XI)_I{X,}) _{:gl_gJ)Z_ >0 2,0';-'“‘Pin'r'[:slu‘;?f”‘ ?Sn)

where T' > 0 is a polynomial in (& + & — 25&)

[Gao et al. 2013] http://lamda.nju.edu.cn/gaow/



LAVIDA

Necessary condition Loaing And Wiing rm Dat

http://lamda.nju.edu.cn

If a surrogate loss € is consistent with AUC, then loss ¥ is
calibrated (¢ is convex with £'(0) < 0).

£'(0) <0

L

convex
\&/

e S
() >

Pl

O
Hinge loss and absolute loss are calibrated but not consistent with AUC
\\\ _ \\\ absolute loss ,/'
s, o hinge loss N = |1 — 1]

N N - 4

%l /(1) = max(0,1 — 1) Bl ’

:\\ :\\ ,l

FEAN AN Y

PN R 4

AN AN /’

1 N 1 N V3

i \\ i \\ /,

& - > e ¢ >
0! o}

[Gao & Zhou 2015] http://lamda.nju.edu.cn/gaow/
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A surrogate loss £ is consistent with AUC if it is calibrated,
differential and non-increasing.

A Exponential loss
/convex and £'(0) < 0 (t) =e™t
. . Logistic loss
differential ~
/ non-increasing £(t) =In(1+e7")
g-norm hinge loss
£(t) = (max(0,1 —t))4

ol g :
Least square hinge loss

Remain open for sufficient 2(t) = (max(0,1 — t))?2
and necessary condition

[Gao & Zhou 2015] http://lamda.nju.edu.cn/gaow/
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Large-scale AUC optimization i i
Optimize the pairwise loss

DY e(Fain - £(x) /man-

i=1 j=1

> Store all data
> Scan data many time

A simple idea: use a buffer

By using the hinge loss, online
AUC optimization with a buffer
Size [zhao et al., ICML 2011]

— hinge loss is inconsistent

http://lamda.nju.edu.cn/gaow/
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Least square loss 2(t) = (1 — t)? is consistent with AUC

SGD optimizes ok |
,C(W) _ /1| | Zt 1I[yl- * yt]l(l — Yt(xr — xi)TW)Z ? | I’,
2 ] ySgquare 10SS J

: 21 € [t — Leyive = — 1) o /

For y; = 1 (similarly for y, = —1)

T
Xi X; X;

VL(Wt—l ) —_ AW - xt z n_i + (.xt - z n_i> (.xt - Z n_i> w
t t . t

iyi=—1 iyi=—1 iyi=—1
neg. mean neg. mean neg. mean
Store the mean and T z z z n
1y;i=—1 lyl——l iyi=—1

covariance
neg. cova riance

[Gao et al. 2013, 2016] http://lamda.nju.edu.cn/gaow/
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Algorithm 1 The OPAUC Algorithm

Input: The regularization parameter A > 0 and stepsizes {n; /it -
Initialization: Set wo = 0. cj =c; =0 and S; = S5 = [0]gxa
fort=1.2....,n . +n_do
Receive a training example (x;. y¢)
if y; = +1 then _A0(d>d)
Update the[mean]and |covariance matrices|of positive instances
Calculate the gradient VLi(w;_1) from Eq. (4)
else /’O(d) 7 O(d>d)
Update the@ and |[covariance matrices| of negative instances
Calculate the gradient VL;(w;_,) from Eq. (5)
end if
Wi = Wi — '??tVﬁt(Wt—l)
end for

Storage: O(d><d), independent to data size
Scan data only once

[Gao et al. 2013, 2016] http://lamda.nju.edu.cn/gaow/



Results: Existing online methods

datasets QPAUC OAMseq OAMgra
diabetes 8309+.0350 B264.0367 8262+ 0338
fourclass .83104£.0251 B306+£.0247 .8295+.0251
german TOT8L£.034T7 | T747+.0411e | .7T723+.0358e
splice 9232+.0099 | .8594+.0194e | .8864+.0166e
usps 9620=.0040 | 9310x.0159e | 9348x.0122e
letter B114+.0065 | .7549+.0344e | .T603+.0346e
magic04 B383L£.0077 | .B238+.0146e | .8259+.0169e
a%a 9002+£.0047 | .8420+.0174e | .8571+.0173e
w8a 9633=.0035 | 9304=.0074e | 9418x.0070e
kddcup04 | .7912+.0039 | 6918=.0412e | .T097=.0420e
mnist .9242+.0021 B615+.0087e | .8643+.0112e
connect-4 | .8760+.0023 T807=.0258e B5125+.0230e
acoustic B192+.0032 | .7113+.0590e | .7711+.0217e
ijcnnl .92694+.0021 9209+.007%e | .9100+.0092e
epsilon 9550£.0007 | .B816+.0042e | .8659+.0176e
covtype 8244+4.0014 | .7361+.0317Te | .7403+£.02890e

win/tie/loss 14/2/0 14/2/0

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

OPAUC
significantly
better:

> Consistency
> buffer

[Gao et al. 2013, 2016]

http://lamda.nju.edu.cn/gaow/



Results: Existing batch methods

datasets OPAUC SVM-pert batch SVM-OR | batch Uni-Log
diabetes .8309+.0350 | .83254.0220 83264+.0328 .8330+.0322
fourclass | .8310£.0251 .82214.0381 .8305+.0311 8288+.0307
german TOT8£.0347 | .79524£.0340 7935+.0348 7995+.0344
splice 92324.0099 | .9235+£.0091 .92394.0089 9208+ .0107e
usps 96204.0040 | .9600+£.0054e 9630+£.00470 9637+.00410
letter 81144+.0065 | .8028£.0074e 8144+ 00640 .81214.0061
magic04 | .8B383£.0077 | .84274.00780 8426+ .00740 B8378+.0073
afa .90024.0047 | .9033%£.0039 .9009+.0036 9033+£.00250
w8a 9633+.0035 | .96264£.0042 9495+ 0082 9421+.0062e
kddcup04 | .T912£.0039 | .7935£.0037c .7903+.0039 .7900£.003%e
mnist 924240021 | .9338+£.00220 .9340+.00200 9334+.00210
connect-4 | .8760%£.0023 | .8794+.00240 BT749+.0025 8T784+.00260
acoustic 819240032 | .8102+£.0032e 8262+ .00320 .8253+£.00320
ijennl 92694+.0021 | .9314+£.00250 9337+.00240 9282+ .00230
epsilon 95504£.0007 | .8640£.0049e 8643+.0053 e 8647=+.0150e
covtype 824440014 | .8271+£.00110 8248+.0013 .82464+.0010
win,/tie/loss 1/6/6 4/6/6 4/6/6

LAViDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

OPAUC:

e scah once
e store statistics

Batch:

* scan many times
e store whole data

OPAUC
highly
competitive

[Gao et al. 2013, 2016]

http://lamda.nju.edu.cn/gaow/



LAVIDA

COnCIUSiOnS Learning And Mining from DatA

http://lamda.nju.edu.cn

» Clean data — Noisy data (k-nearest neighbor)
¢ k-NN is consistent for symmetric noise

& k-NN is biased by asymmetric noise — RkNN algorithm

» Univariate loss — Pairwise loss (AUC)
e Least square loss is consistent — OPAUC algorithm

¢ Necessary/sufficient condition for AUC consistency

Open problems
» Sufficient and necessary condition for AUC optimization

» Consistency of deep models

http://lamda.nju.edu.cn/gaow/



http://lamda.nju.edu.cn

http://lamda.nju.edu.cn/gaow/



Thanks for your attention

http://lamda.nju.edu.cn/gaow/
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