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0 How to search the most informative samples in the context of DNN?

=
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Apply DNN’s output confidence score as an uncertainty acquisition
function
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.. Problem

A long term problem for uncertainty based sampling in AL is the so
called sampling bias: the current labeled points do not representative
of the underlying distribution.
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e Construct the core-sets through solving a K-center problem.




.. Problem

Heuristically selected a portion of samples according to the uncertainty score
for exploitation and the rest portion used random sampling for exploration.

implicitly exploring these two.

In the context of deep AL, the available largescale unlabeled samples
~ may be helpful to construct a good feature representation for potentially

® | improving the performance.

@ Collected samples whose gradients span a diverse set of directions for

Can we also additionally design the loss for DNN by leveraging the
unlabeled samples during the Deep AL training ?




.. Active learning as distribution matching

ﬁ are i.i.d generated by the underlying distribution D
Labeling function h* {(@i, *(z:)) ey 2 ~ D

In the AL, the querying is not an i.i.d. procedure w.r.t. D the query procedure

is an i.i.d. empirical process following a distribution Q with Q £ D,

Interactive procedure can be viewed as estimating a proper Q) to control the

generalization error w.rt. (D, h*).




.. Preliminaries

heH: X =Y XCRY Yel01]
loss function ¢ : } x ) — Rt
expected risk Rp(h) — Exwpf(h(af), h* ({E))

empirical risk RD(h) — % Zi\il E(h(aj%)’ y%)

]P()(‘) is the set of all probability measures over Y’

Assume that the loss € is symmetric, L-Lipschtiz and M-upper bounded

Vh € H isat most H-Lipschtiz function.




.. Why Wasserstein distance

KL divergence T

p(x)
KL(P||Q) = j (x)log——=
(P J p g 700
p~N(0,€3) q~N(e, €3) KL(P||Q)=-
1/p
= 1 p = 1 —_
W(Prrpg) yEHl(r113£,Pg) jd(x;y) dy(x,y) ye]'[l(rIIJ,f:,Pg)E(x’y)~y[|lx yll]

[1(B., P,)denotes the set of all joint distributions y(x, y) whose marginal are
respectively P. and F,. Intuitively, y(x, y)indicates how much “mass” must

be transported from x to y in order to transform the distributions B. into
the distribution B.. The EM distance is the “cost” of the optimal transport

plan.




.. Why Wasserstein distance

Wasserstein distance

d(s,t) m(s,t)

min Z d(s,t) * m(s,t)

T(s,t)

z m(s,t) = b(t) vt z m(s,t) = a(s) Vs
S t

JS divergence ]S(pr,pg) = KL(pr|lpm) + KL(pgllpm) Pm = (pr + Pg)




.. Why Wasserstein distance )

W (Po, Po) = || : j

Po y
log2 if0+0 L
JS(Fo, Po) ={09 i;@ =0

+oo if6 # 0

KL(POIP9)=KL(P9'PO):{O lf6=0
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.. Why Wasserstein distance
1/p

— i p
W (P, E;) yen‘(?of,pg) j d(x,y)Pdy(x,y)

Kantorovich-Rubinstein duality tells us that

W(E, Pg) = IIJS°Il|lp Ex-p If ()] - Ey polf (0)] |f Ce1) — f(x2)] < Kl|xg — %,

We replace ||f||, < 1 for||f]|, <K

1
W (P, Pg) = Ellsup Ex~Pr[f(x)] — Ex-p, [f (0]

fllsk

KW(Prr PG) ~ nax Ex~Pr [fw(x)] - Ez~p(z) [fw(ge (Z))]

w:lfwlL<k




.. Why Wasserstein distance 1 /p
W(P., P, = inf fd x,y)Pdy(x,
(P g) yell(Pr.Py) (x,y)Pdy(x,y)
D € P(X) Q € P(X)
Optimal transport (or Monge-Kantorovich) problem can be defined as searching for a

probabilistic coupling (joint probability distribution) v € P(2x€2) for zp ~ D

ro ~~ Q thatare minimizing the cost of transport w.r.t. some cost function C:

argmin, / c(xp,xo)ldy(xp,x0),
JXXX

st. PT#y=D; P #y=20Q,

II(D, Q) isthe collection of all joint probability measureson X x X’ with marginals

D and Q.




.. Why Wasserstein distance

Variational adversarial active learning.

‘H-divergence ‘
Bayesian generative active deep learning

4.1 The H-divergence

Definition 1 (Based on Kifer et al. 2004) Given a domain X with D and D’ probability
distributions over X, let H be a hypothesis class on X and denote by /(%) the set for which
h € 'H is the characteristic function; that is, x € I (h) & h(x) = 1. The H-divergence be-
tween D and D' is

dr (D, D'y = 2sup |Prp [ (h)] — Prpr [1(h)]].
heH

H-divergence
FrBsEEmeE— 1 BIES | tr—EESESERE | (LIS ENSENTREES | BRAFMBHEENERIZE=E
HEGDFID'BEE -

dy (D, D) = 2?;?5) Pro.p[h(z) = 1] — Prpup [h(z) = 1]|

EVBEE , XAOENEEE , E—MERSENT , RE—EEh , SEPrLp k() = 1|MHRRATAA , T
Pr, o [h(z) = 1|BOHERRRTE) | thaheis , BITBEAESREED, D ZEMIEE, FRX AR R
SRRALERAD, D iXF N FolRE.




.. Why Wasserstein distance

H-divergence
FrEfEME— 1 RIS | (A —ERREEIMER | (LG rTRERNRENTRESSE | BBAFMBHRENERIZEH
HEDFID'HIEEE

dy (D,D') = 2sup |Pry.p|h(z) = 1] — Pryp[h(z) = 1]|
heH

EREE XM HENERE  B—MBEZAH T , #3—1F#th , F5Pr,p[h(z) = 1|AIRF[ETEA , M
Pr,.p[h(z) = 1|fHERFETe) , S , RIBEAEERGRED, D' GiES, EfHX  htaLIEEAEa
ERAREXHD, D' XSRS,

dy (D, Q) = 2(1 — 2¢)

prediction error when training binary classifier to discriminate the observations
sampling from these two distributions.

Thus smaller error means easy to separate the two distributions with larger
H-divergence and vice versa.




.. Why Wasserstein distance

<b> <b>
—2a —XQ —a a Xq 2a
' --2p--> ]
—2a —a a X0 2a

Dy ~U([-2a,—a] U a,2a)) Ds ~ U ([xo — b, 20 + b))

b b b b
Dy ~ Z/I([—ﬂfo Y —Zo + 5} U |20 — 9’ To + 5})

supp(Dz) C supp(D1)  supp(Ds) C supp(D;) a>b>0

We set the classifier as decision stump f(x) = 1{x > p]}

dH(Dl,DQ) = d%(pl,pg) H;%n Wl(D17D3) > II;%X Wl(D17D2>




.. Labeling function assumption

Core-set Assume the labeling function being Lipschtiz.

Plal:Cluster-based
active learning Probabilistic Lipschtiz condition.

Joint Probabilistic Lipschtiz property

Joint distribution optimal transportation for domain adaptation (NIPS2017)




.. Joint Probabilistic Lipschtiz property

Definition 1. Let ¢ : R — |0, 1]. We say labeling func-
tion h* is ¢(N)-(D, Q) Joint Probabilistic Lipschtiz if
supp(Q) C supp(D) and for all X > 0 and all distribution
coupling v € 11(D, Q):

Plop.oyen Il (20) — h* (20)| > Alep - zo]l2] < 6(N)
(1)
Where ¢(\) reflects the decay property. [14] showed that
the faster the decay of ¢(\) with A\ — 0, the nicer of the
distribution and the easier it is to learn the task.




.. Joint Probabilistic Lipschtiz property

Joint distribution optimal transportation for domain adaptation (NIPS2017)

Yo = argmin / D(x1, Y15 X2, y2)dy (X1, Y11 X2, Y2)
WEH(P37Pt) (QXC)Q

D(x1,y1;X2,y2) = ad(x1,%x2) + L(y1,y2)

Pl = (x f(op P = 3= N Gy

of LV
Pl = w7 2uim1 Oxt ()
7y is then a matrix which belongs to /\ i.e. the transportation polytope of

nonnegative matrices between uniform distributions.




.. Joint Probabilistic Lipschtiz property

Joint distribution optimal transportation for domain adaptation (NIPS2017)

Since our goal is to estimate a prediction f on the target domain, we propose
to find the one that produces predictions that match optimally source labels
to the aligned target instances in the transport plan.

: 8 s, .t t _ - 17 > f
min E D(x; y;:x, f(x:))Y;; = min Wi (Ps, Py )
/ | J L] =
frYEA “— f
L]
Toy regression distributions Toy regression models Joint OT matrices Model| estimated with |DOT
104 1.0 1.0 1.0 1
o [+]
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.. Bound related with querying distribution

Theorem 1. Supposing D is the data generation distribu-
tion and Q is the querying distribution, if the loss [ is sym-
metric, L-Lipschtiz; Vh € H is at most H-Lipschtiz function
and underlying labeling function h* is ¢(\)-(D, Q) Joint
Probabilistic Lipschtiz, then the expected risk w.r.t. D can
be upper bounded by:

Rp(h) < Rg(h)+ L(H + AN)W1(D, Q) + Lo(\)




.. Bound related with querying distribution

Corollary 1. Supposing we have the finite observa-
tions which are i.i.d. generated from D and Q: D =

+ SN 6{ah )} and Q = < SN 0{xp} with Ny < N.
With probability > 1 — o, the expected risk w.r.t. D can be
further upper bounded by:

Rp(h) < Ro(h) + L(H + \)W1(D, Q)

<
+ Lo(N) +2LRady, (h) + x(0, N, Ny)




.. Practical deep batch active learning

L=+yr, 62l Wit 0 =350 6y}

— [A/U [}' with partial labels {yf z'Lzl

)

The goal of AL at each interaction is:

- B : : .
find a batch b= %2121 o{ay}  with :Ef € U duringthe query

find a hypothesis heH
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.. Min-max Problem in DNN /Y80s0AfCKgIMINZ-q2Q33w

VV(P? Pg) — inf E(ac,’u)w"y [ ||'CU T y” ]
YET(Pr.Py) Kantorovich-
Rubinstein duality
W(P..Py) = sup Eewp, [[(2)] — Ecnp, | f(2)]
I fllo<t

minRﬁUB(h) + ,LLW1(7A), Lu B)
B,h

min max R(67.0") + uE(6’,0%
of 0" B 67

Qf, Qh’, Qd are parameters corresponding to the feature extractor, task predictor

and critic;

[:{ is the predictor loss E is the adversarial (min-max) loss




.. Min-max Problem in DNN

min R;, (k) + Wy (D, L U B)
B.h

min max R(67,0") + uE(67,0%
of.6" B 64

Qf, Qh’, Qd are parameters corresponding to the feature extractor, task predictor

and critic;

h(z,y,(07,0") = h(z,y) © X x Y — (0,1] X, hlz,y) =1

parametric critic function  g(z, (67,0%)) = g(z) : X — [0,1]

E67,0") =E, plg(x)] —E, ; ple(@)]




: 5inf oh ~enf nd
.. Min-max Problem in DNN oroh B OL R(67,67) + nk(67,67)

1 1 1 1
min max C(h(zx, — S —
i max g 3 k(e ) + (g 2 9@) — (75— o) 2o @)
(z,y)eL o xelU relL
Training: Prevdiction Loss Training: MTn-max Loss
1 ? H
tp Y ey’ - 5 Y e@)
(z,y")EB xz€B
Ql\lerry
Training DNN

1
min max

1 1 |
'é‘f /e J — _— h
win max 7—p M) + 2. 9@) (g5 ~ T3 2. 9@)

(z,y)eL relU relL

Instead of only minimizing the prediction error, the proposed approach naturally
leveraged the information of unlabeled data through a min-max training.




: Seaf ah Aiaf pd
.. Training DNN 9}1191’}113 max R(67.0") 4+ pnE(67.0%)

1 1 1 1
min max ((h(x.1 — — E
of oh @ L+B(z):€ﬁ (1 'J))_HL(L—l—U Zqu) (L—l—B L—I—U) ﬁg(:z:))
£,y / Tre e

The critic function g tried to evaluate how probable the sample comes from the labeled
or unlabeled sets.

Given a fixed 4 , when g(:c) — 1 meaning the samples are highly probable from the

unlabeled set and vice versa.

We should point out that it is the high level intuition,......

Since B < U thus the L}LB — L}LU > () making this adversarial loss always valid.

cross entropy loss l(az, y) = —log h(ﬂfa y)




' >l ph Sinf pd
.. Query strategy or o A R(67.0") + k(6. 6%)

: 1 ? v
argming ;7o Z f(h(:cjy‘))—L_l_B Z g(x)

(z,y")EB rEB

—
® |

We do not known y?during the query

% Optimize an upper bound of the loss.




I ph f pd
.. Query strategy , }%{PB max R(67.0") + uL(67,6)

, 1
Argming ;7 > Uh(ay) L+B

(z.y7)€B +€B
% Optimize an upper bound of the loss.
Cross entropy loss Yy = {1,....K} ZyE{l,...,K} h(:U, y) =1

Minimizing over single worst case upper bound indicates the sample
with highest least prediction confidence score:

in ((h(z,y")) < mi — log(h
min ((h(z,y")) Smin _max og(h(z,y))




r ye{l,.. K}
h(z1,) = [0.4,0.6 h(zs,-) = [0.3,0.7]

max, — log(h(z1,y)) < maxy —log(h(z2,y))

@ Minimizing over £1 norm upper bound indicates the sample with

uniformly of prediction confidence score:

min £(h(x,y")) <min -y —log(h(x,y))

Intuitively if the sample’s prediction confidence is more uniform, the more
uncertain of this sample will be.




.. Query strategy
‘ Agnostic-label upper bound indicates uncertainty

Critic output indicates diversity

critic function g(x) P N [0’ 1]

A

If the critic function output trends to g(x) — 1 itmeans x € U

According to the query loss, we want to sample the batch with higher critic values g(x)

meaning they look more different than the labelled samples under the Wasserstein
distance.




.. Redundancy trick

xelU xeLl
U B
T=T1T *= 1T
1 lv—al
r( =+ I _ O
u(U%g(:c) ST o 2= @) W=
re rel

In optimizing the adversarial loss, we keep the same mini-batch size § for labelled
and unlabeled observations.

1
r%%cnnéaéx /LL Z g(x) — COE Z 9(37)) Co = %}/——F—a
:ceUS rels
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@ o]

10:
11:

. > DNN Training stage )
. for mini-batch of samples {(2*)}%_, from U do

Constructing mini-batch {(2!,y")}2_, from L
through sampling with replacement (redundancy
trick).
1 T JE\ N il?g.’lg
“mmmmgW%WM:e’—ézyﬂw)”“$%J?
: f.onf _ nf r Ol(h((x".y"))
Updating 87 : 87 = 67 — é(z(xg’y;) SoT T
Og(x dg(x
WA o T = Co Xt 7))
Iﬂﬂmmifﬂ'Gd = 9! ¢ wlyy Ot
. end for
. > Querying stage

. Using a convex combination of Eq.(10),(11) to compute

uncertainly score U(x"), computing diversity score

g(x"). Rank the score U (z%) — ug(xz*) with z* € U,

choose the smallest B samples, forming querying batch
B

> Updating

L=LUB, U=U\B




.. Experiments

Feature extractor

SVHN, CIFAR10, STL10 VGG16
Fashion-MNIST M@

On top of the feature extractor, we implement 2-layer multilayer
perceptron (MLP) as the classifier and critic function.
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Figure 4: Ablation study in CIFAR10: the baselines are all
trained by leveraging the unlabeled information through
‘H-divergence.



.. Conclusion
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