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IMo'rivaTion of Batch Active Learning

B Reduce iteration times to improve data efficiency and reduce
total run time

* Re-training a deep model is computationally expensive
« Mobilising an expert is time consuming

B Considering the joint and complementary relationship between sample | BALP
points, diverse.

 Naively acquiring the top k scoring points can lead to redundant
acquisitions.

BatchBALD




IBALD & Dropout variation inference

O Likelihod: p(y | 6,x)
O Bayesian: prior: p(8), posterior: p(6 | D)

BALD: "Bayesian Active Learning by Disagreement”

10, y|x, D] = arg max H{y|x, D] — Eg~p0/p) [Hly|z, 0]]

« First ferm captures general uncertainty of model
« Second term captures the uncertainty of a given draw of the model parameters

—

where, H(y|x,D) = zp(y =c | x,D) log( p(y = c|x, D)) o . .
= Dropout as variation opproximation

p(y =c|x,D) = f p(y =c|x,D)p(6|D)do = Kullback-Leibler (KL) divergence

6~p(6|D)

L MCMC



IBaTchBALD I - Introduction

-> Score batches of points jointly
Joint entropy: Hard to compute

/

ABatchBALD ({x1» v X p(w |Dtrain)) = H(yy, oo, Ynlx1, oo Xp, Derain)

_ [Ep(wwtmm)[IHI(yl, s Yl Xq, oony Xp, 0)].

|

Expectation over entropy: easy to compute



IBatchBALD IT - MC estimator

]H(yle reey }’n) — Ep(}-’] ..... y,.,. [_ log p(yla seey yn)]

Z

l:n

Z PG1n |wj)} log( Z PG |w;)]

* k- the number of samples of the parameter distribution

« ¥ -aconfiguration of a batch of labels

* Size of ¥ grows exponentially with |D,,|”



IBa‘l'chBALD ITI - Greedy Approximation

To avoid combinatorial explosion: we grow the acquisition batch one by one.

k k
I A I . e 1, .
Zp(ym: wa) - E Zp(ylzn—l |wj)p()% |wj) = (EP]:H—IPZ:)

VYi:n—1:Yn

Algorithm 1: Greedy BatchBALD 1 — !/e-approximate algorithm

Input: acquisition size b, unlabelled dataset D401, model parameters p(@ | Dirain)
Ag <0

for n < 1tobdo

f{ll‘ﬁﬂ(:h X € Dpaﬂf \ An—l dﬂ' Sy € dBatchBALD (A.iw—l U {x} ;P(W | Z)train))

X, < argmax Sy
Xe ﬂpnul VApo

An A AJ?—l U {-rn]

R

tn

6 end
Output: acquisition batch A, = {x, ..., x}}




IGr'eedy Approximation and Submodularity

We can compute the greedy joint entropy exact for the first 4 points,

afterwards we use the Monte Carlo estimator

« We prove in the paper that the greedy approximation is a submodular

function and therefore its error is bounded by 1 — 1/e



IResults MNIST
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IResuITs EMNIST
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IResults CINIC-10 (CIFAR+ImageNet)
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Bayesian Batch Active Learning as
Sparse Subset Approximation

(NIPS 2019)



IReIa‘red paper

B Active Learning For Convolutional Neural Networks: A Core-Set Approch,
ICLR, 2018

B Automated Scalable Bayesian Inference via Hilbert Coresets, ICLR, 2019



IA Core-Set Approach

Ex yrpz [(X%, 45 As)] < |Ex,y~pz (X, 45 As)] — — Z (i, yi; A | ZE(XJ y;; As) Z=Ax)Y
| g ?E[ﬂ] JES . l( - ) X < y N R
Generalization Error Training Error
1 x; y; t € [n]~p(2)
+ H Z I(X..’Ij?, ;45) Z ﬂ(x? Yis ;4 ) { L YL,} p
i€[n] jEs .
h Y ~ s ={s() € [nl}jemm

Core-5et Loss

Ag: which outputs a set of
parameters w given a labelled
set s.

Figure 1: Visualization of the Theorem m Consider the set of selected points s and the points
in the remainder of the dataset || \ s, our results shows that if s is the ds cover of the dataset,

,l, : (n] l(x;,y;, ;L-:l . 1Y \_:, A XY ( )—{—C) (\/%)

|s




IBayesian Coreset

p(0|Dy) p(V,|X,, 0) p(y|x,8) parameterized by 6 € 0O

0\ Dy U (X, = (1)
p(0|Doy U ( p yp)) p(yp‘xpgp()) 1

Do = {xn, Yo }¥_1: labeled dataset
Xy, = {Xm}m=1: unlabeled pool set

E [log p(6|Do U (X, Vp))] = E [log p(8|Do) + log p(Vp| Xy, 0) — log p(Vp| X, Do)

yp }P

= log p(6|Dy) + ;l} log p(Yp| Xy, 0)] + H[V,| A}, Do)

M
— 10g;€)(9|9”) + Z ( E [lﬂgp(y-m|m-rru 9)] + H [y'm,|$m: D[}] ) (2)

Ym
y

m=1 P

Lo (6)
L(O) = Ym_1Ln(6)

M
L(w,0) := z Wy, * L, (0) satisfies |L(w,0) — L(8)| < ¢|L(8)]|,v0 € O,w,, =00r1 (3)

m=1



IUnifor'm Bayesian Coreset

L(w,8) := z w, L, (8) satisfies |L(w,8) — L(0)| < e|L(O),VO € O,w,, =00r1 (3

m=1

The algorithm proposed by Huggins et al.(2016) to construct a Bayesian coreset is
as follows. First, compute the sensitivity o,, of each data point,

_ sup | Lm(0)
96@' L(O) |

and then subsample the dataset by taking b independent draws with probability

proportional to o, (resulting in a coreset of size < b) via

M
o= E Om (bq, ..., by )~Multi (b, (—) ) W, =——

Since E[W,,] = 1, we have that E[L(W,0)] = L(0), and we expect that L(W,8) - L(0) in
some sense as b increases, €% = O(%)



ICor'ese'r as sparse vectors

Given a function space g : ® —» R with bounded uniform norm weighted
by L(6):

gl := sup

%
(9)

weview L, :©—Rand L= L,, asvectors in this function space.

we convert the problem of constructing a batch to a sparse subset
approximation problem, i.e.

w* = minimize ||£ — L(w)|* subjectto w,, € {0,1} Vm, Z L, <b.

T

(4)



IInner' product and Hilbert Coreset

B The uniform norm lacks a sense of “directionality” as
it does not correspond to an inner-product.

B Constructing Bayesian coresets in a Hilbert space
by inner product < £,,;,, £, >

we relax the binary weight constraint to be non-
negative and replace the cardinality constraint
with a polytope constraint.

Let o,,, = ||L]], 0 = XM _. 6,,, and K € RY*M be a kernel

matrix with K, ,, =< L,, L, >. The related optimization

problem is:

minimize (1 — 'w)T K (1 —w) subjectto w,, >0 Vm, Z Wy O = O, (5)

T



I Inner product and Hilbert Coreset

where we used ||[£ — L(w)|]2 = (1 —w)" K (1 —w).

eg.Let M =2,
L:L1+L2,W

= (W1:W2)T, Lw) =wy * Ly +wy %Ly, K =
K21 KZZ

A=Wk -w) = A-wy1-wp) [i11 2] (@ —w1—wy)T

[IL = Lw)I]?

K21 KZZ

= (1—-wp)?*Ky1 + (1 = w1 —wy)(Kaq + Ki2) + (1 — wy)?Ks,

<L-Lw),L—L(w)>

<A-w)Li+(A—-wy)l, ,(1—wy)Li+ (A —wy)L, >

(1 - W1)2< Ll' L1 > +(1 - Wl)(l - Wz)(< Lz, L1 >+< LliLZ >) + (1 - W2)2< L2,L2 >



IFr'ank-WoIfe optimization

Algorithm 1 Active Bayesian Coresets with Frank-Wolfe Optimization

1: procedure ACS-FW(b, {L£,}N_, < -,->)
2: Opn — /(Lpn, Ln) VN > Compute norms
3: o4 > On

T

4: w <+ 0 > Initialize weights to 0

5: forte1,....bdo

6 f « arg max Kﬁ — L(w), Ulﬁ.,,,” > Greedily select point f
neclN "

[(%ﬁ_r—ﬁ(w},ﬁ—ﬁ(wjﬂ

7 Y [(%fﬁ_f—ﬁtw)-.%fﬁ,f—-ﬂ(w)ﬂ > Perform line search for step-size v
8: w < (1 —y)w + f}fgif 1; > Update weight for newly selected point
9: end for

10: return w

11: end procedure

6: Letg=L—L(w), d= GiLf — L(w)
f

., —<9d>_ |lglicos® . Lo Ll
Y= 4T 7= max || =% - =™
- - n,me[N| || On Tin
8 (1—yw+y—1f =w+y(w——1f)
of of 207
1£(w) — L] <

8: Llw] = L(w) + (Lw) - Gifo) = L(w) +yd M A1



IChoice of inner products
B weighted Fisher inner product:
(Los L) = E [VoLa(0) VoL ()],
| £w) = £II3 5 = Ea [IVLO) = VLw,0)]3]

where 7 to be the current posterior p(6|Dy).

m weighted Euclidean inner product:

(Lo Loz = E[Ln(8)L1n(0)].

s

|£w) = £ll; 5 = Ex [(£(0) = L(w,0))°]

only requires tractable likelihood computations.



IRandom projections for non-linear models

B Is |limited to models for which the inner product can be evaluated in closed form.
B Requires O|P?| computations

B Given random projections:

£An = [En(91)¢ T aﬁn(GJ’)]Ta gj ~ T,

-

(Lo, L)z g ™ LY Lo,

Algorithm 2 ACS-FW with Random Projections (for Weighted Euclidean Inner Product)

l: procedure ACS-FW(b, J)

2: HI ~m 3=1,...,J > Sample parameters
3 L, = \Tj 1£,(01),---,L,(0. ;)]T Vn > Compute random feature projections
4: return ACS-FW (b, {£,}V_,. ()T (")) > Call Algorithm 1 using projections
5: end procedure




IExperimen’rs

Avoid correlated queries:

«v"”

(a) MAXENT (b) BALD (¢) Ours

Figure 1: Batch construction of different AL methods on cifarl0, shown as a t-SNE projection [12].
Given 5000 labeled points (colored by class), a batch of 200 points (black crosses) is queried.

BALD

ACS-FW ;




IExper‘i ments
Competitive with greedy methods in the small-data:

Table 1: Final test RMSE on UCI regression datasets averaged over 40 (year: 5) seeds. MAXENT-I
and MAXENT-SG require order(s) of magnitudes more model updates and are thus not directly

comparable.
N d RANDOM MAXENT ACS-FW MAXENT-I MAXENT-SG
yacht 308 6 1.27240.0593  0.923+£0.0319 1.031+0.0438 0.865+£0.0276 0.97140.0350
boston o6 13 4.0684+0.0852 3.640+0.0652 3.79940.0858 3.467£0.0676  3.45840.0682
energy 768 8 0.95940.0337 1.443+£0.0857 0.855+0.0259 0.9274+0.0461 1.05540.0740
power 9568 4 0.1084+0.0468  5.022+0.0428 4.984+0.0366 4.83440.0313  4.85540.0339
year 515345 90 13.165£0.0307 13.030%0.0975 12.1941+0.0596 N/A N/A
7.5 4.5 22
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Figure 3: Test RMSE on UCI regression datasets averaged over 40 (a-b) and 5 (c¢) seeds during AL.
Error bars denote two standard errors.



IExperimen’rs

Scale to large datasets and models:

0.88 0.95 0.94
ﬂ.SE D.gﬂ' D.gz'
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(a) cifarl0 (b) SVHN (c) Fashion MNIST

Figure 4: Test accuracy on classification tasks over 5 seeds. Error bars denote two standard errors.



IExper‘imen'l's

Runtime Evaluation:

Table 2: Runtime in seconds on UCI regression datasets averaged over 40 (year: 5) seeds. We
report mean batch construction time (BT/it.) and total time (TT/it.) per AL iteration, as well as total
cumulative time (total). MAXENT-I requires order(s) of magnitudes more model updates and is thus
not directly comparable.

RANDOM MAXENT ACS-FW MAXENT-I1
BT/it. TT/it. total BT/it. TT/it. total BT/it. TT/it. total BT/t. TT/t.  total
yacht 0.0 8.9 88.6 1.3 10.2 101.7 0.0 9.1 107.2 12.3 1057 1057.4
boston 0.0 12.4 123.6 2.4 14.5 144.8 0.1 12.4 132.7 23.5 1579 1578.6
energy 0.0 12.1 121.4 3.9 16.0 159.6 0.1 12.6 137.8 37.5  170.5  1704.9
power 0.4 9.4 04.0 53.0 61.7 617.0 0.8 10.2 179.8 517.3  609.1 6090.7
year 30.2 381.2 3811.6 3391.5 3746.5 37464.6 53.0 463.8 28475.2 N/A N/A N/A
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