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Motivation of Batch Active Learning

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

◼ Considering the joint and complementary relationship between sample 
points, diverse.

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

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



BALD & Dropout variation inference

BALD: “Bayesian Active Learning by Disagreement”

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

 Likelihod: 𝑝 𝑦 𝜃, 𝑥)

 Bayesian: prior: 𝑝 θ , posterior: 𝑝 𝜃 𝒟)

𝑝 𝑦 = 𝑐 𝑥, 𝐷) = න
𝜃~𝑝(𝜃|𝐷)

𝑝 𝑦 = 𝑐 𝑥, 𝐷) 𝒑 𝜽 𝑫)𝑑𝜃

wh𝑒𝑟𝑒, 𝐻 𝑦 𝑥, 𝐷 = ෍

𝐶

𝑝 𝑦 = 𝑐 𝑥, 𝐷) log( 𝑝 𝑦 = 𝑐 𝑥, 𝐷))
Dropout as variation opproximation

MCMC

Kullback–Leibler (KL) divergence



BatchBALD I - Introduction

→ Score batches of points jointly

𝑎𝐵𝑎𝑡𝑐ℎ𝐵𝐴𝐿𝐷 𝑥1, … , 𝑥𝑛 , 𝑝 𝜔 𝒟𝑡𝑟𝑎𝑖𝑛 = ℍ 𝑦1, … , 𝑦𝑛 𝑥1, … , 𝑥𝑏, 𝒟𝑡𝑟𝑎𝑖𝑛

− 𝔼𝑝 𝜔 𝒟𝑡𝑟𝑎𝑖𝑛
ℍ 𝑦1, … , 𝑦𝑛 𝑥1, … , 𝑥𝑏, 𝜔 .

Joint entropy: Hard to compute 

Expectation over entropy: easy to compute 



BatchBALD II - MC estimator

• k - the number of samples of the parameter distribution 

• ŷ - a configuration of a batch of labels 

• Size of ŷ grows exponentially with |𝒟𝑝𝑜𝑜𝑙|
𝑏



BatchBALD III - Greedy Approximation

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



Greedy 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



Results MNIST 



Results EMNIST 



Diversity



Results CINIC-10 (CIFAR+ImageNet)



Bayesian Batch Active Learning as
Sparse Subset Approximation

(NIPS 2019)
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A Core-Set Approach

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

𝑥𝑖, y𝑖, ∈ 𝑛 ~𝑝 𝑧

𝑠 = {𝑠(𝑗) ∈ [𝑛]}𝑗∈[𝑚]



Bayesian Coreset

𝑝 𝑦 𝑥, 𝜃 parameterized by 𝜃 ∈ Θ

𝐷0 = {𝑥n, 𝑦n}𝑛=1
𝑁 ：labeled dataset 

𝑋𝑝 = {𝑥𝑚}𝑚=1
𝑀 : unlabeled pool set

𝐿 𝜃 = σ𝑚=1
𝑀 𝐿𝑚(𝜃)

𝐿 𝑤, 𝜃 ∶= ෍

𝑚=1

𝑀

𝑤𝑚 ∗ 𝐿𝑚 𝜃 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑠 𝐿 𝑤, 𝜃 − 𝐿 𝜃 < 𝜀 𝐿 𝜃 , ∀𝜃 ∈ Θ, 𝑤𝑚 = 0 𝑜𝑟 1

（1）

（2）

（3）



Uniform Bayesian Coreset

The algorithm proposed by Huggins et al.(2016) to construct a Bayesian coreset is

as follows. First, compute the sensitivity 𝜎𝑚 of each data point,

𝜎𝑚 ≔ 𝜃∈Θ
𝑠𝑢𝑝

|
𝐿𝑚(𝜃)

𝐿 𝜃
|

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

proportional to 𝜎𝑚 (resulting in a coreset of 𝑠𝑖𝑧𝑒 ≤ 𝑏) via

𝜎 ≔ ෍

𝑚=1

𝑀

𝜎𝑚 𝑏1, … , 𝑏𝑀 ~𝑀𝑢𝑙𝑡𝑖 𝑏,
𝜎𝑚
𝜎 𝑚=1

𝑀

𝑊𝑚 =
𝜎

𝜎𝑚

𝑏𝑚
𝑏

Since 𝐸[𝑊𝑚] = 1, we have that 𝐸[𝐿(𝑊, 𝜃)] = 𝐿(𝜃), and we expect that 𝐿(𝑊, 𝜃) → 𝐿(𝜃) in 

some sense as 𝑏 increases,  𝜖2 = Ο(
1

𝑏
)

𝐿 𝑤, 𝜃 ∶= ෍

𝑚=1

𝑀

𝑤𝑚 ∗ 𝐿𝑚 𝜃 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑠 𝐿 𝑤, 𝜃 − 𝐿 𝜃 < 𝜖 𝐿 𝜃 , ∀𝜃 ∈ Θ,𝑤𝑚 = 0 𝑜𝑟 1 （3）



Coreset as sparse vectors

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

Given a function space 𝒈 ∶ 𝜣 → ℝ with bounded uniform norm weighted 

by ℒ(𝜃):

（4）



Inner product and Hilbert Coreset

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

◼ Constructing Bayesian coresets in a Hilbert space 
by inner product < ℒ𝑚, ℒ𝑛 >

Let 𝜎𝑚 = | ℒ𝑚 |, 𝜎 = σ𝑚=1
𝑀 𝜎𝑚,  and 𝐾 ∈ ℝ𝑀×𝑀 be a kernel 

matrix with 𝐾𝑚,𝑛 =< ℒ𝑚, ℒ𝑛 >. The related optimization 

problem is:

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

（5）



Inner product and Hilbert Coreset

𝐿 = 𝐿1 + 𝐿2 , 𝒘 = (𝑤1, 𝑤2)
𝑇, 𝐿 𝑤 = 𝑤1 ∗ 𝐿1 + 𝑤2 ∗ 𝐿2 ， 𝐾 =

𝐾11 𝐾12
𝐾21 𝐾22

= (1 − 𝑤1)
2𝐾11 + (1 − 𝑤1) 1 − 𝑤2 𝐾21 + 𝐾12 + (1 − 𝑤2)

2𝐾22

1 − 𝒘 𝑇𝐾 1 − 𝒘 = (1 − 𝑤1, 1 − 𝑤2)

||𝐿 − 𝐿(𝑤)|| 2 = < 𝐿 − 𝐿 𝑤 , 𝐿 − 𝐿 𝑤 >

= < 𝟏 − 𝒘𝟏 𝑳𝟏 + 𝟏 −𝒘𝟐 𝑳𝟐 , 𝟏 − 𝒘𝟏 𝑳𝟏 + 𝟏 −𝒘𝟐 𝑳𝟐 >

= (1 − 𝑤1)
2< 𝐿1, 𝐿1 > +(1 − 𝑤1) 1 − 𝑤2 < 𝐿2, 𝐿1 >+< 𝐿1, 𝐿2 > + (1 − 𝑤2)

2< 𝐿2, 𝐿2 >

eg. Let 𝑀 = 2, 

𝐾11 𝐾12
𝐾21 𝐾22

(1 − 𝑤1, 1 − 𝑤2)
𝑇



Frank-Wolfe optimization

6：𝐿et 𝒈 = 𝐿 − 𝐿 𝑤 , 𝒅 =
𝜎

𝜎𝑓
𝐿𝑓 − 𝐿(𝑤)

7：𝛾 =
<𝒈,𝒅>

<𝒅,𝒅>
=

| 𝒈 | cos 𝜃

||𝒅||

8： 1 − 𝛾 𝑤 + 𝛾
𝜎

𝜎𝑓
𝟏𝑓 = 𝑤 + 𝛾 𝑤 −

𝜎

𝜎𝑓
𝟏𝑓

8：𝐿 𝑤 = L w + 𝛾 𝐿 𝑤 −
𝜎

𝜎𝑓
𝐿𝑓 = 𝐿 𝑤 + 𝛾𝒅

𝑳
𝑳(𝒘)

𝒈

𝝈

𝝈𝒇
𝑳𝒇

𝒅



Choice of inner products

◼ weighted Fisher inner product:

where ො𝜋 to be the current posterior 𝑝(𝜃|𝒟0).

◼ weighted Euclidean inner product:

only requires tractable likelihood computations.



Random projections for non-linear models

◼ Is limited to models for which the inner product can be evaluated in closed form.

◼ Requires  𝒪|𝒫2| computations

◼ Given random projections:



Experiments
Avoid correlated queries:



Experiments
Competitive with greedy methods in the small-data:



Experiments
Scale to large datasets and models:



Experiments
Runtime Evaluation:



Thanks


