Active Learning with Logged Data

A. Preliminaries

A.1. Summary of Key Notations

Data Partitions T}, = {(X,,V;, Z,)} ottt (1 < k < K) is the online data collected in k-th iteration
of size ny = 2871 n = ny + - + ng, a = 2m/3n. We define ng = 0. Ty = {(X;,Ys, Z;) = is the logged

data and is partitioned into K + 1 parts Téo), e

S, =T UT.

K .
,TO( ) of sizes mg = m/3,m1 = any,ma = ang, - ,MmKg = ank.

Recall that Sy, and T}, contain inferred labels while Sj and T}, are sets of examples with original labels. The algorithm only
observes S, and T}.

For (X,Z) € T, (0 < k < K), Qu(X) =Pr(Z =1 X).

Disagreement Regions The candidate set Vj, and its disagreement region Dy are defined in Algorithm 1. hy, =
arg ming ey, L(h, Sk). v = I(h¥).

B(h,r) == {h € H | p(h,}/) < r}, DIS(V) = {x 6 X | I ;é he € Vst hi(z) # ha(z)}. S(A4,a) =
UA'gA (A' N {x : Qo) <infrea Qolx }) O(r = SUD, sy L pr(S(DIS(B(h*, 7)), a)).

DISO = X. FOI’ k == ]., ey K, €L = 72 Sup:L’EDISk 1 m;,lolggol,(}i‘)fz)k 1 + 72\/SupCE€DISk 1 —mklolggolzil)/ffll 1 l(h*)7 DISk
DIS(B(h*,2v + ex)).

Other Notations p(hl,hg) = Pr(hl(X) 75 ]’LQ(X)), ps(hl,hg) = ﬁ ZXGS ]l{hl(X) 75 hQ(X)}

lo 4 .
For k >0, 0(k,d) = sup,ep, mké(o‘zl)gz% o = (k+1ik+2). &k = infzep, Qo(z). ¢ = sup,eprs, m

A.2. Elementary Facts
Proposition 4. Suppose a,c > 0,b € R. If a < b+ \/ca, then a < 2b+ c.

Proof. Since a < b+ +/ca, \/a < Vet Yy ctdb < ctetdb — /¢ + 2b where the second inequality follows from the
Root-Mean Square-Arithmetic Mean inequality. Thus, a < 2b + c. O

A.3. Facts on Disagreement Regions and Candidate Sets

1{hy (2) #hs(2)} 1{a’€Dy}

Lemma 5. Foranyk =0,..., K, anyx € X, any h1,hy € Vj, TG0 () tnr O () < sup,, T RCAETTS

Proof. The k = 0 case is obvious since Dy = X and ng = 0.

. hi(z)#ho(x T
For k > 0, since DIS(V};,) = Dy, 1{hi(z) # ha(x)} < 1{x € Dy}, and thus m;jlcgo%)(())fn:é?k)gX) < ka;&ﬁi’;}Qk(x).

For any ,if Qo(r) < & + 1/, then Qu(x) = 1,50 oo gulieliy vy = TR < Wb GGy
If Qo(z) > & + 1/a, then Qi (z) = 0, so kaOI(l%izi}Qk(X) = L{:Sﬁ;% < L{:Eiffli < sup, % where the
first inequality follows from the fact that Qo (z) > & + 1/« implies mpQo(x) > mp&y + ni O

Lemma 6. Foranyk =0,...,K, if h1,hy € Vi, then l(hy, S) — I(hy, Si) = I(h1, Sk) — I(ha, Si).

Proof. Forany (X;,Y;, Zy) € Sy that Zy = 1,if X; € DIS(Vy), then Y; = Y, s0 1{h1(X;) # Y;} — 1{ha(X;) # Yy}
1{hi(Xy) # Y} — 1{ha(Xy) # Y.}, If X, ¢ DIS(V,), then hy(X,) = ho(Xy), so 1{h1(X;) # Yi} — 1{ha(X,)
Yi} = 1 (X0) # Vo) — 1{ha(X) # Vi) =0,

[ N

The following lemma is immediate from definition.

Lemma 7. Forany r > 2v, any a > 1, Pr(S(DIS(B(h*,r)),a)) < rf(r, ).
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A.4. Facts on Multiple Importance Sampling Estimators
We recall that {(X;, Y;)}727™ is an i.i.d. sequence. Moreover, the following fact is immediate by our construction that
So, , Sk are disjoint and that QQ, is determined by Sy, - - - , Sk—1.

Fact 8. Forany 0 < k < K, conditioned on Qy, examples in Sy are independent, and examples in T}, are i.i.d.. Besides,
forany 0 < k < K, Qy, Ték), . ,TéK) are independent.

Unless otherwise specified, all probabilities and expectations are over the random draw of all random variables (including
‘907"' aSK7Q17"' aQK)

The following lemma shows multiple importance estimators are unbiased.

Lemma 9. Forany h € H, any 0 < k < K, E[l(h, Sk)] = l(h).

The above lemma is immediate from the following lemma.
Lemma 10. Forany h € H, any 0 < k < K, E[l(h, S;) | Qx| = I(h).

Proof. The k = 0 case is obvious since Sy = T O(O) is an i.i.d. sequence and [(h, S)) reduces to a standard importance
sampling estimator. We only show proof for & > 0.

Recall that S, = ( ) U T}, and that T( ) and T, . are two i.i.d. sequences conditioned ). We denote the conditional
distributions of Té and T} given Qi by Py and P, respectively. We have

El(h,S0) | Q) = E o +E "
& k (X,Y%:ETék) meQo(X) + nQu(X) ' F (X,Y,XZ:)GTk mrQ0(X) 1 nrQp(X) |
H{n(X) #Y}Z 1{h(X)#Y}Z

mpQo(X) + niQr(X) myQo(X) + nxQr(X)

= miEp, { |Qk:| +niEp, { |Qk}

where the second equality follows since Ték) and T}, are two i.i.d. sequences given ) with sizes my and ny respectively.

Now,
Er [mkzziﬁgcfl#nZ/giX) 'Q’“} = En [E [mk]cih fngf( >X’Q’“} 'Q’“}
B [ [ L{A(X) # Y}Qu(X)
= En _]EP miQo(X )+nkQOk( )X’Qk} |Qk}
_ g [0 £ Y)Q0(X) |Q]
Pl mQo(X) + ne@r(X)

where the second equality uses the definition Prp, (Z | X) = Qo(X) and the fact that To(k) and ), are independent.

Similarly, we have Ep, [mkél{)?)(())(—)i}:%f(m | Qk} =Ep, [,jjgfﬁ’fﬁfgix}) | Qk}

Therefore,

1{A(X) £ V)2
mEQo(X) +npQr(X
o L0 PRSI )
= mbn [kao( X) +npQr(X) | Q ] b, [

B kao( ) + nxQr(X)
= En [W )7 Qo(X) + Q@ (X) 'Q’“}
B L) £ Y] = 10

where the second equality uses the fact that distribution of (X, Y") according to P is the same as that according to Py, and
the third equality follows by algebra and Fact 8 that ), is independent with T( ) O

AUCPASLAN
miQo(X) + nkQr(X g

1{r(X )#Y}Qk(X) 0 }
miQo(X) + nrQr(X)

miEp, { |Qk +niEp, [
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The following lemma will be used to upper-bound the variance of the multiple importance sampling estimator.
Lemma 11. Forany hi,ho € H,any 0 < k < K,

1{h(X) # ha(X)}Z
B Z (kao(X) + npQr(X)

(X,Y,Z)€Sk

) 1{h1(x) # ha(x)}
) [ @] = plhn he) sup o Or ()

Proof. We only show proof for £ > 0. The k£ = 0 case can be proved similarly.

We denote the conditional distributions of Ték) and T}, given Q by Py and P, respectively. Now, similar to the proof of

Lemma 10, we have

1{h1(X) # ha(X)}Z
e (X,%esk (kao(X)+nka(X)> | Q

1{hy(X) # ha(X)}Z
= E
(X,Y,Zz)esk (12Qo(X) + 1k Qu(X)) Qk]
—m 1{h1(X) # hao(X)}Z n 1{hi(X) # ho(X)}Z
=miEp, [(kao(X) +nka(X))2 | Qr | +n:Ep, l(ka()(X) —i—nka(X))Q | Qk‘|
—m 1{h1(X) # ha(X)}Qo(X) n 1{hy(X) # ha(X)}Qr(X)
e [ (mrQo(X) + neQr(X))? | Qx| sk (mrQo(X) + 1k Qr(X))? |Qk]
_ miQo(X) + npQr(X)
5y, {11{h1(X) # (X)) A L | Qk}
_ 1{h1(X) # ha(X)}
=Er, [kao(X) + npQr(X) | Qk}
1{h1(z) # ha(z)}
<Ery []l{hl(X) 7 hQ(X)} | Qk] jgg miQo(r) + nxQr(z)

B " 1{h1(x) # ho(x)}
=p(h1, h2) weg miQo(z) + niQp(x)’

B. Deviation Bounds

In this section, we demonstrate deviation bounds for our error estimators on Si. Again, unless otherwise specified, all
probabilities and expectations in this section are over the random draw of all random variables, that is, Sp,--- , Sk,

Q17 Tty QK

We use following Bernstein-style concentration bound:

Fact 12. Suppose X1,...,X,, are independent random variables. Foranyi=1,...,n,|X;| <1, EX, =0, I[-EXi2 < Jiz.
Then with probability at least 1 — 0,

n

>ox

i=1

<210g 2 +
_30g5

= 2
2 Z o?log 5
i=1

Theorem 13. Forany k =0, ..., K, any § > 0, with probability at least 1 — 6, for all hy, ho € H, the following statement
holds:

Ui(e) # ha(@)}) 5 | % () # ()} log T
sz’I\)’ kaO(x) + ﬂka(:E)
“)

(U, Sx) — U, Se)) — (U(ha) — (h2))] < 2 sup

cex  MEQo(z) + niQr(x) p(h, ha).
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Proof. We show proof for £ > 0. The £ = 0 case can be proved similarly. When k£ > 0, it suffices to show that for any
k=1,..., K, > 0, conditioned on (), with probability at least 1 — §, (4) holds for all hy, hy € H.

For any £k = 1,..., K, for any fixed hi,hy € H, define A := sup,cy % Let N := |Sy|, Uy =
1{h (X)£Y1} 20 1{ha (X)£Y1} 24 _
kao(Xt)tﬁLnka(ixt) a kao(Xt)tﬁLnka(ixt)’ Vi= <Ut - E[Ut‘Qk] /2A

Now, conditioned on Qy,, {V;}¥ , is an independent sequence by Fact 8. |V;| < 1, and E[V;|Qx] = 0. Besides, we have

N

S BRI < g DRI

t=1

A

1{h1(Xy) # hao(Xe)} Zy
= A2 Z (kao (Xt) +nka(Xt)>
_ ol
- 4A

where the second inequality follows from |U;| < figo(ét)ffjiggg}it) , and the third inequality follows from Lemma 11.

Applying Bernstein’s inequality (Fact 12) to {V;}, conditioned on @), we have with probability at least 1 — 4,

hi,h 2
p(hi, 2)logf.

log + 24 5

Note that )", Uy = I(h1,Sk) — U(ha, Sk), and 3" E[U; | Q] = l(h1) — I(h2) by Lemma 10, so >_}", V;, =
2 (U(h1, Sk) — U(h2, Sk) — U(h1) + I(h2)). (4) follows by algebra and a union bound over . O

Theorem 14. Forany k =0,..., K, any § > 0, with probability at least 1 — 0, for all hy, ho € H, the following statements
hold simultaneously:

10 I{hi(x) # ha()} log T4
3 00 Qo) - mQu(e)
1{h (x) # ho(x)} log 224

7
hi.ho) <2 hi,h = ' °
P( 1 2) = psk( 1, 2) + 6 jlelg kao(Z') + nka( ) ( )

PSy (h17 h2) S 2p(h17 h2) +

(&)

Proof. Let N = |Sy|. Note that for any hy, he € H, ps, (h1, h2) = & >, 1{h1(X;) # h2(X;)}, which is the empirical
average of an i.i.d. sequence. By Fact 12 and a union bound over H, with probability at least 1 — ¢,

2 41H 2p(h1, h 4H
ot — s, ()] < 2o tog 2L f20C00c ) o 40P

3N 0 N )

On this event, by Proposition 4, p(hy, ha) < 2pg, (h1, he) + 3N log 4‘H| + % log # < 2pg, (h1, h) + 35 log 4‘H|.

Moreover,

ps, (h1,ha) < p(hi,he) + *1

4 2 4
H+¢pwmﬂmH

3N 1) N 1)
\H\ 1 4[H]
< i ki)
< (h1,h2)+3N1 5 2(2p(h1,h2) Nlog 5 )
4|H
< (h1,h2)+71 |5|

where the second inequality uses the fact that Va,b > 0, vVab < “T'H’

The result follows by noting that Vo € X, N = |Sk| = my + ng > mrQo(x) + nkQr (). O
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Corollary 15. There are universal constants 7,71 > 0 such that forany k = 0,..., K, any § > 0, with probability at
least 1 — 0, for all h, hy, ho € H, the following statements hold simultaneously:

1{hy () # ha(x)} log 24 \/ 1{hy(x) # ha(z)} log 24 .
|(l(R1, Sk) — U(R2, Sk)) = (I(h1) = U(h2))] < 205U — o (®) + e Or(2) 0|/ sup Qo) 1 meOe(a) ps (b1, ha);
(7)
. . 1{h(x) # h*(z)} log %! \/ 1{h(x) # h*(x)}log B
1(h) — 1(h*) < 2(I(h, Sk) — L(h*, Sk)) + 7 S~ 00(0) - mOn(D) +|[sup e 0o(@) T 7k 0n (2) (R ;.
(8)

Proof. Let event E be the event that (4) and (6) holds for all Ay, hy € H with confidence 1 — g respectively. Assume F
happens (whose probability is at least 1 — §).

(7) is immediate from (4) and (6).

For the proof of (8), apply (4) to h and h*, we get

4|H|
ry

o) 21N E | oy L) 2 e s

U(R) — U(h*) < 1(h, Sx) — L(h*, Sx) + 2 sup

vex  MEQo(z) + nipQp(z) p(h, h*).

2 5,1612 miQo(z) + niQr(x)

By triangle inequality, p(h, h*) = Prp(h(X) # h*(X)) < Prp(h(X) £ Y)+Prp(h*(X) £ Y) = I(h) —1(h*)+21(h*).
Therefore, we get

« (g 2loz 14
B =) < Ry Sk) = 1", Sy) +2 sup 1{:1(;@)2:@}; +< r)tiQké")

1{h(x) # h*(x))} log 12
+\/2 e myQo(x) + nikQr ()

4|H
5

(U(h) = 1(h*) + 21(h*))

IA

cex  MpQo(z) + npQr(z) (i(h) = i)

4H|

1{n(z) 7éh*(:c)}21°g3‘T +\/ 1{h(z) #h*(x)}log@l

* 4H|
l(h’ Sk‘) - l(h*75k) + \/2 sup ]l{h(x) # h (x)}log 5

T2 Qo(@) + Qi (@)

4 sup

cex  MipQo(z) + npQr(z) ()

where the second inequality uses v/a + b < \/a + /b for a,b > 0.
(8) follows by applying Proposition 4 to I(h) — I[(h*). O

C. Technical Lemmas

For any 0 < k£ < K and § > 0, define event & s to be the event that the conclusions of Theorem 13 and Theorem 14 hold
for k with confidence 1 — §/2 respectively. We have Pr( 5) > 1 — ¢, and that £y 5 implies inequalities (4) to (8).

We first present a lemma which can be used to guarantee that h* stays in candidate sets with high probability by induction..

Lemma 16. Forany k =0,... K, any § > 0. On event & 5, if h* € Vj, then,

UR*,51) < U S1) + 700 (k8) + 70\ /o (R, 8)pg, (i, 7).
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Proof.

l(h*a Sk) - l(ilkta S’k)
=I(h*, Si) — L(hi, Sk)

1{1* (2) # ()} log 2 \/Sup 1{J(z) # ha(z)} log 4

e
<70 Sl;p miQo(z) + npQr(x) e miQo () + 1 Qi ()

<700 (k, ) + /100 (k. )ps, (b ).

PS8y (iL/ﬁ h*)

The equality follows from Lemma 6. The first inequality follows from (7) of Corollary 15 and that I(h*) < I(hy,). The last
inequality follows from Lemma 5 and that pg, (hi, h*) = ps, (hk, h*). O

Next, we present two lemmas to bound the probability mass of the disagreement region of candidate sets.

Lemma 17. For any k = 0,...,K, any § > 0, let Vip1(6) := {h € Vi | I(h,Sk) < U(hy,Sk) + v00(k,8) +
Yo \/cr(k, 8)pg, (hi,h)}. Then there is an absolute constant v > 1 such that for any 0,... K, any § > 0, on event
Ek.s, iIf W* € Vy,, then for all h € Vi41(0),

(R) — (") < 720 (k. 8) +72\/o k, O)U().

Proof. For any h € Vj,11(), we have

I(h) — I(h*)

<21(h, S1) ~ 10, 5)) + ok, 3) + 7 ok, i)
=2(I(h, Si) — UI(h*, Sk)) + 1o (k, g) +m\/o(k, g)l(h*)
=2(1(h, Sk) — Uk, Sk) + 1, Si) = UL, Sk)) + o (k, g) +71y/ ok, g)l(h*)
<2(1(h 54) ~ Uhae ) + ok, 5) + [k, D)

<(290-+ W), 2) + 20y ok, D, () + 30y ol Dn)

<(2v0 +m)o(k, g) + 270\/0(16, g)(psk (hy h*) + psy. (hi, 1)) + \/U(ki, g)l(h*) ©)

where the first inequality follows from (8) of Corollary 15 and Lemma 5, the first equality followg from LemmaA6, the
third inequality follows from the definition of Vj,(0), and the last inequality follows from pg, (h, hy) = ps, (h, hy) <

PSSy, (h7 h*) + psy, (hAka h*)

As for pg, (h, h*), we have pg, (h, h*) < 2p(h,h*) + o (k, ) < 2(1(h) — I(h*)) + 41(h*) + B0 (k, £) where the first
inequality follows from (5) of Theorem 14 and Lemma 5, and the second inequality follows from the triangle inequality.
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For ps, (hi, h*), we have

16 0

PS8 (;Lk» h*) < 2p(il’k7 h*) + ?U(ka g)
< 21(he) ")+ 20(0%) + (. 2)
< 2200k, Si) — U, S4)) + ok, 3) + [k, DU) +2() + Fok, 3)

< (@n+ D)olk, 2) + 2 ok, DU +4L(R)

16 )
< @+ + B+ ok D)
where the first inequality follows from (5) of Theorem 14 and Lemma 5, the second follows from the triangle inequality, the
third follows from (8) of Theorem 15 and Lemma 5, the fourth follows from the definition of hy, the last follows from the
fact that 2v/ab < a + b for a,b>0.

Continuing (9) and using the fact that v/a + b < v/a + v/b for a, b > 0, we have:

U —1(1*) < 210t n+290\ 33+ 2ok, )40V T 4y folh, g)l(h*)+2\/§70\/o—(k, 2)AH) ~1(12)).

The result follows by applying Proposition 4 to [(h) — I(h*). O

Lemma 18. On event ﬂkK:_Ol Ek,5, /2 Jorany k =0, ... K, Dy, C DISy.

Proof. Recall that § On event ﬂf:_ol Ek,s, /2> W € Vi forall 0 < k < K by Lemma 16 and induction.

_ 5
k= D (k+2)°
The k = 0 case is obvious since Dy = DISy = &X'. Now, suppose 0 < k < K, and Dy, C DIS;. We have

N

Diy1 DIS ({h lh) < v+ (a(k,ék/Q) + U(k:,&k/2)1/) })

c IS (B (120 + % (o(k,01/2) + Vol 0c/2)0) ) )

where the first line follows from Lemma 17 and the definition of Dy, and the second line follows from triangle inequality
that Pr(h(X) # h*(X)) < I(h) + I(h*) (recall v = [(h*)).

To prove Dy 11 C DISy1 it suffices to show 7o (a(k‘, 0r/2) + a(k,ék/Q)u) < €pt1

lo H|/0k lo, H|/S .
Note that o(k,0r/2) = sup,ep, #M < SUPLeprs, % since D C DISg. Consequently,
o (o(k,ék/2) + a(k,ék/Q)z/) < erpi. O

D. Proof of Consistency

Proof. (of Theorem 1) Define event £(©) := ﬂkKZO &k.5,/2- By a union bound, Pr(£(®) > 1 — 5. On event £, by

induction and Lemma 16, forall k = 0, ..., K, h* € V;. Observe that h = hx € Vi 41(0x/2). Applying Lemma 17 to h,
we have

l(il)Sl(h*)Jr’Yz(sup log 21741/ +\/ sup bg@'”'/‘”()uh*))

zeDx MrQo(x) +ni epx MrQo(x) +ni

The result follows by noting that sup, ¢ » % < Sup,cxy % by Lemma 18. O
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E. Proof of Label Complexity

Proof. (of Theorem 3) Recall that {; = inf,cp, Qo(z) and ¢ = sup,cpys, W

Define event £(0) = ﬂf:o Ek,5,/2- On this event, by induction and Lemma 16, for all k = 0,..., K, h* € Vj, and
consequently by Lemma 18, D;, C DISy.

Forany k = 0, ... K — 1, let the number of label queries at iteration k to be Uy, := Z?ﬁ:ojnj;iﬂ Z1{X; € Dy41}-

. 1
Z1{X; € D11} = 1{X; € D11 N Qo(Xy) < GIBf Qo(z) + a}
x k+1

1{X; € S(Dpy1,0)}

<
S ]I{Xt € S(DISk+1,()é>}.

Thus, U < Sp00 M 1{X, € S(DISj41, )}, where the RHS is a sum of i.i.d. Bernoulli(Pr(S(DISk41,a)))

random variables, so a Bernstein inequality implies that on an event £1F) of probability at least 1 — dj /2,
Soronee L 1{X € S(DISky1, )} < 2np41 Pr(S(DISk41, @) + 2log 5.

Therefore, it suffices to show that on event £(2) := 0,520(5(1”“) N 5k,5k/2), for some absolute constant ¢y,

= ~ |H|log n |H|logn
g ngt1 Pr(S(DISk41, @) < 019(21/+eK,oz)(m/—&—(lognlogT + log ny/nv¢log T)
k=0

Now, on event £2), forany k < K, Pr(S(DISy1,a)) = Pr(S(DIS(B(h*, 2v+€x11)), @) < (2v+€x41)0(2v+€x 11, @)
where the last inequality follows from Lemma 7.

Therefore,

> nkg1 Pr(S(DISk11, )
k=0

K—1
<n; + Z g1 (20 + €441)0(2v + €41, @)
k=1
. K—1
<1402 + ek, a)(2nv + Z Nkt1€kt+1)
k=1
K—1 log |7 log [H]
- 0k /2 0k /2
<14+60Q2v+ek,a) | 2nv + 2v sup 7k+ nEy sup ————————~
(B +ex ’ ; sepis, (@Qo(z) +1) LR, @Qo(x) + 1))
~ I 2 I 2
<14 60(2v + ek, a)(2nv + 2v2¢ lognlog M + 27, log n\/nV( log M)

F. Experiment Details
F.1. Implementation

All algorithms considered require empirical risk minimization. Instead of optimizing 0-1 loss which is known to be
computationally hard, we approximate it by optimizing a squared loss. We use the online gradient descent method in
(Karampatziakis & Langford, 2011) for optimizing importance weighted loss functions.

For IDBAL, recall that in Algorithm 1, we need to find the empirical risk minimizer izk <+ argminpey, I(h, S ), update
the candidate set Vi1 < {h € Vi | I(h, Sk) < l(hg, Sk) + Ak (h, hi)}, and check whether € DIS(Vj11).
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Table 5: Dataset information.

Dataset # of examples  # of features
synthetic 6000 30
letter (UvsP) 1616 16
skin 245057 3
magic 19020 10
covtype 581012 54
mushrooms 8124 112
phishing 11055 68
splice 3175 60
svmguidel 4000 4
aSa 6414 123
cod-rna 59535 8
german 1000 24

In our experiment, we approximately implement this following Vowpal Wabbit (vw). More specifically,

1. Instead of optimizing 0-1 loss which is known to be computationally hard, we use a surrogate loss I(y,y') = (y — y').

2. We do not explicitly maintain the candidate set Vi .

3. To solve the optimization problem minyecv; I(h, Sk) => (X.¥,2)€8 i ég?)%(jifgf( <7 We ignore the constraint

h € Vi, and use online gradient descent with stepsize , /# where 7 is a parameter. The start point for gradient

descent is set as fzk_l the ERM in the last iteration, and the step index ¢ is shared across all iterations (i.e. we do not
reset t to 1 in each iteration).

4. To approximately check whether x € DIS(Vj41), when the hypothesis space H is linear classifiers, let wy, be the

- . . o 2w C-l(hy,Sk
normal vector for current ERM hy, and a be current stepsize. We claim z € DIS(Vj41) if |a‘;’l€rﬁ <4/ mk(fk:)c+n’;«) +

% (recall |Sg| = my, + ny, and & = inf,epis(vy,) Qo(r)) where C' is a parameter that captures the model

capacity. See (Karampatziakis & Langford, 2011) for the rationale of this approximate disagreement test.

5. & = inf epig(vy,) Qo(x) can be approximately estimated with a set of unlabeled samples. This estimate is always an
upper bound of the true value of &.

DBALw and DBALwm can be implemented similarly.

G. Additional Experiment Results

In this section, we present a table of dataset information and plots of test error curves for each algorithm under each policy
and dataset.

We remark that the high error bars in test error curves are largely due to the inherent randomness of training sets since in
practice active learning is sensitive to the order of training examples. Similar phenomenon can be observed in previous work
(Huang et al., 2015).
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Figure 4: Test error vs. number of labels under the Certainty policy



