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Abstract
Active search is a learning paradigm for actively identifying as many members
of a given class as possible. One could see active search as a special case of
Bayesian optimization with binary rewards and cumulative regret. Many real-world
problems can be cast as an active search, including drug discovery, fraud detection,
and product recommendation. All existing works focus on sequential policies, i.e.,
selecting one point to query at a time. However, in many real applications (e.g.
drug discovery), it is possible to evaluate multiple elements simultaneously. In this
paper we investigate batch active search, and this is the first such study we know in
the literature. We first derive the Bayesian optimal policy for batch active search,
then propose two strategies to approximate it efficiently and nonmyopically. The
results on a citation network and drug discovery data demonstrate that our methods
are very promising.
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Introduction

In active search (AS), we seek to sequentially inspect data so as to discover members of a rare, desired
class. Formally, suppose we are given a finite domain of n elements X , {xi }ni=1 , among which
there is a rare, valuable subset R ⊂ X , which we call targets or positive items. The identities are
unknown a priori, but can be identified by querying an expensive oracle (i.e., the oracle can tell
y , 1{x ∈ R} for any x ∈ X , but with a price). We seek to design a policy that sequentially queries
elements to maximize the number of targets identified, under a given labeling budget (See Algorithm
1). Many real-world problems can be naturally posed in terms of active search; drug discovery [4],
fraud detection, and product recommendation [18] are a few examples.
Previous work [5, 6] has developed Bayesian optimal policies for active search with a natural utility
function. Not surprisingly, this policy requires exponential computation. In fact, Jiang et al. (2017)
have shown that it is impossible to α-approximate the optimal policy for any constant α. To overcome
this computational intractability, in practice, the optimal policy is computed with a limited horizon
(e.g. one or two-step ahead). We refer to these policies as myopic due to their shortsighted horizon. An
nonmyopic policy was proposed in [11], called efficient nonmyopic search (ENS), and demonstrated
remarkable empirical performance on various domains, including citation network, material science
and drug discovery.
All these work focused on sequential active search (SAS), that is, selecting one point at a time.
However, in many real applications, we can query the identities of multiple points simultaneously.
For example, modern virtual screening technologies can process multiples of 96 compounds at a
time. In this paper, we deliver the first investigation of batch active search (BAS). In particular, we
generalize the Bayesian optimal policy for SAS to BAS, and propose two strategies to approximate it
efficiently and nonmyopically. We present our preliminary results on a CiteSeerx citation network
and drug discovery data, and demonstrate that our proposed methods are very promising for batch
active search.
Related work. Active search and its variants have been the subject of many recent work [6, 19, 14,
15, 11], nevertheless, to the best of our knowledge, this paper is the first study of batch active search.
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Batch policies have been studied in similar contexts, such as active learning [10, 8, 2], multi-armed
bandits [3, 13, 12] and Bayesian optimization [1, 17, 7, 9]. In particular, one of our policies is similar
to the active learning method in [2], which also constructs batches in a greedy fashion.
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Bayesian optimal policy and its nonmyopic approximations

In this section, we first derive the Bayesian Algorithm 1 Batch active search
optimal policy for batch active search, then
propose two efficient and nonmyopic ap- Require: X , P, budget B, batch size b, D0 , batch policy Π : (D, B, b) 7→ X
proximations to the optimal policy based
Ensure: Dt , where t = B/b
on recent work in [11].
1: for i = 1 to t do
Bayesian optimal policy. We will express 2:
X = Π(Di , B, b)
our preferenceover different sets of obser- 3:
Query labels Y of X from oracle
vations D = (x
Di = Di−1 ∪ {(X, Y )}
Pi , yi ) through a natural 4:
utility: u(D) = yi , which simply counts
5: end for
the number of targets in D (sometimes we 6: return Dt
also use u(Y ) for D = {(X, Y )}). Then,
the problem is to sequentially construct a set of B (a given budget) points D with the goal of maximizing u(D). In the batch setting, each time we need to pick a batch of b points, and query their
(j)
labels at the same time. We use Xi = {xi }bj=1 to denote the batch of points chosen at the i-th

i
(j) b
iteration, and Yi = {yi }j=1 the corresponding labels. We use Di = (Xk , Yk ) k=1 to denote the
observed data after i ≤ t batch queries, where t = B/b.
We assume a Bayesian probability model P is given, providing Pr(y | x, D) for any x ∈ X and
D ⊆ X (possibly D = ∅). The expected utility of choosing a batch X of size b at iteration i + 1,
given observation Di , can be written as a Bellman equation as follows:


E[u(Dt \ Di ) | X, Di ] = EY |X,Di u(Y ) + maxX 0 :|X 0 |=b E[u(Dt \ Di+1 ) | X 0 , Di , X, Y ] , (1)
where the expectation is taken over the joint distribution of Y (labels of X) conditioned on Di , and
first part is the expected utility of points in the batch X, and the second part is the expected future
utility if we choose Xi = X and continue to choose later batches optimally. These two parts can
balance the exploration (future reward) and exploitation (immediate reward of this batch).
   
n b t−i
Without further assumptions on P, the complexity for computing (1) is dauntingly O
b 2
to enumerate the search tree of depth t − i. The derivation in [6] is a special case when b = 1. One
simple work-around is myopic approximations of the optimal policy. A greedy (one-step lookahead)
approximation, choosing the b points with highest probabilities, maximizes EY |X,Di [u(Y )]. It ignores
all future utilities, but can be computed in O(n log n). We will refer to this policy as greedy-batch.
Nonmyopic approximation. The idea of ENS in [11] can also be generalized to batch case. The
approach can be motivated with the following question: how many targets do we expect to see if,
after selecting the current batch, all the remaining budget is spent simultaneously? If it were really
the case, then the expected utility could be approximated by


0
0
E[u(Dt \ Di ) | X, Di ] = EY |X,Di u(Y ) + 0 0 max
E[u(Y ) | X , Di , X, Y ] , (2)
X :|X |=B−b−|Di |

where the second part can be computed by summing the highest B−b−|Di | probabilities. Specifically,
(2) can be written as (use f (X | Di ) as a shortcut)
hP
i
P
0
0
0
f (X | Di ) = x∈X Pr(y = 1 | x, Di ) + EY |X,Di
B−b−|Di | Pr (y = 1 | x , Di , X, Y ) , (3)
P0
where we used a notation s to denote the sum over the top s probabilities for all x0 ∈ X \ (Di ∪ X).
Note (3) is actually approximating (1) by assuming that the remaining unlabeled points after this
batch are conditionally independent, so that there is no need to recursively enumerate the search tree.
This assumption might seem unrealistic at first, but when more well-spaced points are observed, they
might approximately “D-separate” the remaining unlabeled points. And as demonstrated in Figure 1
of [11], ENS actually encourages the selection of well-spaced points (exploration) in the initial state
of the search. We will term this policy (maximizing (3)) batch-ENS. Note ENS in [11] is a special case
2

of batch-ENS for b = 1, and its remarkable performance has been empirically validated by massive
experiments on various domains [11].
The nonmyopia of batch-ENS is automatically inherited in the generalization from sequential to
batch setting, but not efficiency. Direct maximization of (3) still requires combinatorial search over
all subsets of size b, and for a given batch, we need to enumerate all its possible labelings (2b ) to
compute the second expectation
part, plus summing the top probabilities; the total complexity would

be O nb 2b · n log n . We propose two strategies to tackle these computational problems.
Sequential simulation. Note the exponen- Algorithm 2 seq-sim-batch
tial complexity comes from the fact that
1: procedure SEQ - SIM - BATCH(X , Di , B, b, π, L)
b > 1. So our first idea is to reduce BAS
Initialize: X (0) = {}
to SAS (b = 1). To be specific, we select 2:
3:
for k = 1 to b do
points one by one to add into the batch with
4:
Select x(k) = π(Di ∪ {(X (k−1) , Y (k−1) )})
ENS , and then use some fictional label or“Query” label y (k) of x(k) from L
acle L : X 7→ {0, 1} to simulate its label, 5:
and repeat until we have b points. Four fic- 6:
X (k) = X (k−1) ∪ {x(k) }
tional oracles are considered: (1) sampling, 7:
Y (k) = Y (k−1) ∪ {y (k) }
(k)
(k)
i.e., randomly sample y from Pr(y | 8:
end for
return X (b)
x(k) , Di , X (k−1) ); (2) most-likely, i.e., 9:
(k)
(k)
10:
end
procedure
y
= arg maxy∈{0,1} Pr(y
= y |
(k)
(k−1)
x , Di , X
); (3) pessimistic, i.e., always set y (k) = 0; (4) optimistic, i.e., al- Algorithm 3 batch-ENS-greedy
ways set y (k) = 1. Note in this framework 1: procedure BATCH - ENS - GREEDY(X , Di , B, b)
Initialize: X (0) = {}
can be replaced by any other sequential pol- 2:
for k = 1 to b do
icy π : D 7→ X , such as the myopics ones 3:
x(k) = arg maxx ∆f (x | X (k−1) ) as in (4)
[6]. We call this type of policies seq-sim- 4:
batch, summarized in Algorithm 2.
5:
X (k) = X (k−1) ∪ {x(k) }
6:
end for
Greedy approximation. The second strat7:
return X (b)
egy is motivated by our conjecture that (3)
8: end procedure
is a monotone submodular function. If
that’s the case, a greedy solution is guaranteed not much worse [16]. So we propose to use greedy algorithm to sequentially construct the batch by maximizing the marginal gain. That is, for k = 1, . . . , b,
x(k) = arg maxx ∆f (x | X (k−1) ) ≡ f (X (k−1) ∪ {x} | Di ) − f (X (k−1) | Di ).

(4)

In cases when b is large, this still expensive to compute due to the expectation term (O(2b )). We
use the Monte Carlo method to estimate the expectation in (3) using a small set of samples of
the labels. Specifically, given a batch of points X : |X| ≤ b, (3) is approximated with samples
S = {Ỹ : Ỹ ∼ Y | X, Di } as following: f (X | Di ) ≈
hP
i
P
P
0
1
0
0
Pr(y
=
1
|
x,
D
)
+
Pr
(y
=
1
|
x
,
D
,
X,
Y
)
.
(5)
i
i
x∈X
Y ∈S
B−b−|Di |
|S|
We use 16 samples (i.e. |S| = 16) in our experiments. Our preliminary results show that our method
is not very sensitive to the number of samples after a certain point (e.g. |S| ≥ 8). Indeed, since our
policy is itself an approximation to the optimal policy, more accurate estimation of (3) need not result
in better final performance.
To further reduce the computational burden, the implementation tricks as described in 3.2 of [11] can
be adapted. We also adapted and improved the pruning technique developed in [11], which can most
of the time prune over 90% of the points in the search space in each iteration. But we save the details
due to space. We call this greedy approximation batch-ENS-greedy, summarized in Algorithm 3.
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Experiments

In this section, we present some preliminary results comparing our policies with several baselines.
Since there are no batch active search policies in the literature yet (as far as we know), the main
baseline we consider is the greedy-batch policy mentioned in last section, i.e., choose the b points
with highest probabilities. We also consider seq-sim-batch combined with other sequential policies:
one-step and two-step [6], which are myopic. For the probability model P, we use k-nn with k = 50
3

Table 1: Average number of NIPS papers found from CiteSeerx citation network by various BAS
policies, over 20 experiments. The best results are bold. seq-sim-batch uses “pessimistic” oracle.
batch sizes (b)
greedy-batch
batch-ENS-greedy
seq-sim-batch (one-step)
seq-sim-batch (two-step)
seq-sim-batch (ENS)

1
155.30
188.40
155.30
165.80
188.40

5
154.35
167.60
154.35
152.60
168.55

10
152.05
161.35
152.05
155.40
166.70

15
148.55
162.15
148.55
154.50
154.05

20
150.45
155.65
150.75
152.55
148.40

25
150.70
156.95
150.70
153.80
148.45

for all experiments, as in [6]. For the four fictional oracles, preliminary results show that “pessimistic”
one often outperforms others; so we only present the results for this one for seq-sim-batch due to
space limit.
Finding NIPS papers from a CiteSeerx citation network. In this experiment, we consider a subset
of the CiteSeerx citation network (first described in [6]) comprised of 39 788 computer science papers
published in the top-50 most popular computer science venues. Among them there are 2190 NIPS
paper (5.5%), and our active search task is to find those NIPS papers. Note this is a challenging task
since many very similar venues such as ICML , AAAI , IJCAI etc. are also in this network. We use
experimental settings matching [11]. Specifically, we randomly select a single target (i.e. a NIPS
paper) to form the initial observations D0 , and set budget B = 500. We show the average number of
NIPS papers found at end for batch sizes 1, 5, 10, 15, 20, 25 in Table 1.
Drug discovery. We also Table 2: Number of active compounds found by various BAS policonduct experiments on a cies, averaged over 10 datasets and 20 experiments each (so 200
massive database of chemoin- experiments). The best results are bold.
formatic data as did in
batch sizes (b)
1
5
10
20
[11]: 120 datasets for two
greedy-batch 269.84 249.16 246.35 240.59
fingerprints (ECFP 4 and
batch-ENS-greedy 295.10 270.42 262.69 261.66
G pi DAPH 3), each of which
seq-sim-batch (one-step) 269.84 249.16 247.26 240.59
has 100 000 negative points
seq-sim-batch (two-step) 281.05 234.94 232.61 228.08
and 200 to 1 488 positive
seq-sim-batch (ENS) 295.10 270.93 270.33 266.31
points. For space limitation,
we refer the readers to Section
5.3 of [11] for detailed description of these datasets. Here we only report the results for the first 10
datasets for ECFP 4 (the remaining not available yet), and only batch sizes 1, 5, 10, 20, in Table 2.
Discussion. We can make the following observations: (1) The performance of batch active search
generally degrades as the batch size increases. In the sequential setting (b = 1), every decision is
based on the most updated information acquired from the true label oracle, whereas in batch setting,
most decisions are made based on fictional labels (e.g. sampling); the larger the batch size, the higher
the chance of a mismatch between the fictional labels and the true labels, which could to lead to worse
decisions. (2) batch-ENS-greedy and seq-sim-batch with ENS performs the best among all policies
(including seq-sim-batch with all other three fictional oracles, not shown here due to space). We
believe this is because these two policies are nonmyopic (taking remaining budget into consideration
when making a decision), whereas others are not. However, the results for these two policies are
inconsistent for batch size 20 on the two types of data. More experiments are needed to explain this.
(3) Another interesting observation is that seq-sim-batch with the pessimistic oracle often performs
better than that with other oracles (not shown here). One explanation could be that being pessimistic
actually encourages selecting a more diverse batch, since this way the next point is unlikely nearby
the points already chosen in the batch, resulting in better exploration. This coincides with the idea for
choosing a diverse batch for Bayesian optimization, e.g., via Determinantal point processes [13].
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Conclusion

In this paper, we delivered the first investigation on batch active search. Several efficient and
nonmyopic policies are proposed based on state-of-the-art sequential nonmyopic policies. Results
demonstrated their superior empirical performance on various datasets. One interesting theoretical
aspect of this problem is: As we have noticed, there are performance gaps between different batch
sizes. Can we theoretically (upper and/or lower) bound the gaps (between optimal policies)?
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