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Abstract. Active learning in relational networks has gained popularity
in recent years, especially for scenarios when the costs of obtaining train-
ing samples are very high. We investigate the problem of active learning
for both single- and multi-labeled relational network classification in the
absence of node features during training. The problem becomes harder
when the number of labeled nodes available for training a model is lim-
ited due to budget constraints. The inability to use a traditional learning
setup for classification of relational data, has motivated researchers to
propose Collective Classification algorithms that jointly classifies all the
test nodes in a network by exploiting the underlying correlation between
the labels of a node and its neighbors. In this paper, we propose active
learning algorithms based on different query strategies using a collective
classification model where each node in a network can belong to either
one class (single-labeled network) or multiple classes (multi-labeled net-
work). We have evaluated our method on both single-labeled and multi-
labeled networks, and our results are promising in both the cases for
several real world datasets.

1 Introduction

In recent years, relational learning has gained popularity because of the ability
to represent many real world datasets as a graph representing the interaction
pattern between the instances in that datasets. Social networks of individuals,
protein-protein interaction networks in biological domain and citation networks
of scientific articles are only a few examples of this representation. The objective
of relational learning is to efficiently and accurately classify nodes in a network
by using the latent relational information.

The first step towards building a classification model is to acquire a represen-
tative training set. However, acquiring training samples can be expensive due to
the cost of querying labels through interactions with a human or oracle. Active
learning aims to learn a model with minimal querying cost and can also prioritize
the acquisition of labeled samples under budget constraints. Previously, different
active learning strategies have been developed for selecting the most informa-
tive sample(s) to improve the generalization performance of a classifier. Even
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though active learning approaches for single-labeled datasets have been exten-
sively studied, algorithms for multi-labeled datasets has not yet been explored.
The task becomes even more challenging for multi-labeled networks because tra-
ditional active learning strategies do not take into account the explicit relational
information.

Collective Classification methods jointly classify all the test nodes in a net-
work by leveraging the complex and implicit correlations between multiple en-
tities and their labels. These methods are applicable towards networks which
have topological features [10,16], but may or may not have node features [10]. In
either case, optimizing the cost of acquiring training data involves the use of ac-
tive learning algorithms. Most of the work on active learning for relational data
using collective classification, assume that node features are available during the
learning process [2,17].

In this paper we have developed a pool-based active learning strategy for
single- and multi-labeled networks based on the intuition that, unlabeled in-
stances which are harder to classify undergo multiple changes in their predicted
labels during consecutive iterations of collective inference. We refer to this chang-
ing of labels of an instance as flipping, and our method as FLIP. We also inves-
tigate the situation when only a subset of the labels of a multi-labeled instance
can be queried during each round of active learning, thereby, creating a chal-
lenge regarding which subset of labels to choose. We propose a method called
FLIP-per-label for pool-based active learning to address this real-world situa-
tion. Our contributions in this paper are summarized as follows:

1. Active learning strategy for single labeled and multi-labeled networks (FLIP)
2. Active learning strategy for querying a subset of labels of an instance for

multi-labeled network (FLIP-per-label)

These methods were developed assuming no node features are available to us
during learning. We experimented with six real world single-labeled and three
multi-labeled networks, and our results show statistically significant improve-
ments over random sampling and other baselines for most of the datasets.

2 Related Work

Previous active learning algorithms [1,2,4,12] determine informative examples to
query based on one ormore of the following properties: (i)maximumentropybased
on classifier’s prediction of its label; (ii) least confidence of the classifier on its label;
(iii) maximum disagreement between multiple classifiers (e.g., ensemble) predict-
ing its label. Zhu et al. [21] have deviated from this approach by combining active
learning with semi-supervised learning using Gaussian field and harmonic func-
tions, and employing Empirical Risk Minimization (ERM) framework.Macskassy
proposed amethod [11] that uses graph-basedmetrics (e.g., clustering co-efficient,
betweenness centrality and degree of a node) to identify a set of informative exam-
ples and then apply ERM on that same set of examples to identify the single most
informative instance from the pool. Most of these methods [11,21] had the benefit
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of using the features of the instances during training phase. This is often a chal-
lenge for relational networks because the features may not be available for mining
due to privacy concerns. In this work, we focus on developing methods that learn
from the structural properties of networks.

Our method is inspired by Zhu et al. and Macskassy [11,21], but unlike their
approaches which focus on matrix based methods (that rely heavily on rich
instance features), our method explores the use of the collective inference proce-
dure within the active learning strategy. Bilgic et al. [2] were the first to propose
an active learning approach that uses the disagreement score between a content-
only classifier (i.e., trained using node features) and a collective classifier. Shi et
al. [17] proposed a batch algorithm that combines node features and link infor-
mation for active sample selection strategy. The algorithm by Ji et al. [6] selects
instances that minimize the total variance of the distribution of the unlabeled
samples and the total prediction error. Kuwadekar and Neville [8] use a proba-
bilistic relational model [14] to select informative instances. All these methods
rely on the use of both the node features and the structure of the network.

In case of multi-label learning when the labels are correlated and there is ex-
plicit link structure between the instances of the dataset, it becomes challenging
to leverage these multiple correlations during training [20]. Recently proposed
work of Ghamrawi and McCallum [5], Kong et al. [7], Saha et al. [15] and Wang
and Sukthankar [19], have developed multi-labeled collective classification al-
gorithms, most of which [5,7,15] require nodes features to be available during
learning. Wang and Sukthankar [19] proposed a collective classifier that derives
social context features from the network structure during learning, whereas, our
work is focused on building an intelligent active learning model using one-vs-rest
multi-label version of a state-of-the-art collective classifier [10].

3 Methods

3.1 Definition and Notations

Given a network G=(V , E) where V is the set of nodes and E is the set of edges,
each node vi ∈ V (|V| = n is the total number of nodes in the network) can
have either one label (for single-labeled network) or multiple labels (for multi-
labeled networks). The label(s) of any node vi in the graph is represented as yi =
(yi1, · · · , yiK) where yik = 1 if node vi belongs to the class k (k ∈ {1, · · · ,K};
K is the total number of classes). For single-labeled network, a node can belong
to only one class. Hence, only one element, say yik, of the label vector yi can
have value 1 (if vi belongs to the class k) and the rest of the values are 0. For
multi-labeled network, yik = 1 ∀k ∈ M , where M is the set of classes to which
this node belongs (|M | ≤ K). Given the set of labeled nodes L and the set
of unlabeled nodes U , the objective of collective classification is to predict the
labels of all the unlabeled nodes [16]. Y ={y1, · · · ,yn} represents the set of label
vectors of all the n nodes in network. l and u represent the indices of a labeled
node and an unlabeled node respectively, such that l ∈ L and u ∈ U . YL is the
label matrix for training data, where each row is the label vector yl, ∀l ∈ L.
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YU is the predicted output label matrix of the unlabeled data, where each row
is the predicted label vector yu, ∀u ∈ U . For active learning setup, we denote
PU as the class probability matrix of all the unlabeled nodes such that each row
of PU is a vector pu = (pu1, · · · , puK) and denote PL as the class probability
matrix of all the labeled nodes in training set L, such that PL = YL. puk is
equal to P (yik = 1|Ni), where i = u and Ni is the set of neighboring nodes of
node vi. PO represents the set of indices of all the nodes in unlabeled pool. The
class conditional probability P of all the labeled and unlabeled nodes is given
by, P = [PL;PU ], where PU is predicted by active learner.

3.1.1 Weighted Vote Relational Neighbor
Macskassy and Provost [10] proposed the weighted vote relational neighbor
(wvRN) algorithm to classify nodes in a relational network using only the net-
work structure. Given vi ∈ U , the wvRN classifier estimates the probability of
node vi having class label k (i.e., yik = 1) as a weighted average of the labels of
it’s neighboring nodes.

P (yik = 1|Ni) =
1

Z

∑

vj∈Ni

wij · P (yjk = 1|Nj). (1)

Ni is the set of neighbors of vi in G, Z is the normalization constant
(Z =

∑K
k=1 P (yik|Ni)) and wij is the weight on the edge, eij . In the collec-

tive classification algorithm, the bootstrap phase assigns a class probability to all
the test nodes vi ∈ U by estimating the class prior probability as:

P (yik = 1) =
1

|L|
∑

j∈L
I(yjk = 1), (2)

where I(·) is an indicator function with value 1 if the arguement is true.
Relaxation labeling is a collective inference method based on the approach by

Chakrabarti et al. [3]. During each iteration of collective inference, relaxation
labeling [10,3] is used to update the prediction probability estimates from previ-
ous iterations. At step t+1 the predicted labels of all the test nodes are updated
based on their estimation at step t. The update rule is given by [10,19]:

P
(t+1)
i = β(t+1) · MR(v

(t)
i ) + (1− β(t+1)) ·P(t)

i (3)

A simulated annealing based technique [10] is used to reduce the influence of
neighbors by giving more weight to a node’s current estimate. In Equation (3),
MR(·) is the relational model (here, wvRN), β1 = γ and β(t+1) = βt · α where
γ and α are constants in the range (0, 1], both γ and α values are chosen closer

to 1, P
(t)
i is a vector with class probability values for node vi at step t.

3.1.2 Multi-label Weighted Vote Relational Neighbor
The wvRN algorithm was designed for classifying single-labeled networks. We
used wvRN’s approach and developed a one-vs-rest algorithm to implement a
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multi-label weighted vote relational neighbor (ML-wvRN) classifier. We use re-
laxation labeling for the collective inference, and estimate the probability for a
test node to belong to K different classes. We select only those classes that have
higher probabilities (the number of selected classes is equal to the total number
of classes of the test node and is always ≤ K) and assign the corresponding labels
to the test node. A similar approach was taken by Tang et al. [18] in multi-label
classification. This classifier is referred to as ML-wvRN-RL.

Algorithm 1. FLIP
Input: G = (V, E): the network, CC: collective classifier, maxiter: number of iterations for the

approximate inference of CC, b: batchsize, B: budget, PO: pool, T : Initial training set with l%
of |V| as labeled samples

Output: L: updated training set
1: Initialize L← T
2: while |L| < B do
3: Run CC with L as labeled data and PO as unlabeled data to predict labels for instances in

the pool PO
4: S ← 0
5: for each node vi s.t. i ∈ PO do
6: S[i] =

∑maxiter
t=1

∑K
k=1 |yt

ik − yt−1
ik | where yt

ik is the predicted label of node vi in the t-th

iteration of inference through CC, such that yt
ik ∈ {0, 1} ∀k ∈ {1, 2, · · · ,K}

7: end for
8: Sort S in descending order of values
9: Pick b nodes from pool PO having top b values in S
10: Add the indices of these b nodes to set L, and remove these indices from pool PO
11: |L| ← |L|+ b
12: end while

3.2 Active Learning Using Iterative Classification Algorithm

For collective classification using iterative inference [9,13] in relational networks,
the label information is propagated from the training node to the test nodes
through multiple iterations. This causes the predicted label of a test instance to
undergo multiple changes before it finally converges to a particular label. In our
approach we monitor the frequency of label change for all the unlabeled instances
in the pool set to identify the most informative ones. During the inference steps,
certain nodes that are harder to classify, change their label(s) more frequently
than others. We run multiple iterations of inference on the pool set and aggregate
the total changes in labels for each node in the pool set. This aggregation or
frequency of label changes is defined as FLIP score and an instance with a high
FLIP score is considered to be a likely candidate for selection by our active
learning algorithm (due to it’s uncertainty in converging to a fixed label(s)).
We refer to this approach of picking a batch of instances based on their FLIP
scores, as FLIP and describe it in Algorithm 1. For single-labeled networks, wvRN
with relaxation labeling (wvRN-RL) is used as the collective classifier (CC) in
Algorithm 1. For multi-labeled networks, ML-wvRN-RL is used.

3.2.1 Case Study
We performed a case study on a derived co-authorship network from DBLP1.

1 http://www.informatik.uni-trier.de/~ley/db/

http://www.informatik.uni-trier.de/~ley/db/
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(a) Round 1
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(b) Round 2
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(c) Round 3
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(d) Round 4

Fig. 1. Distribution of number of Instances which changed labels across number of
Iterations in wvRN algorithm’s collective inference step during Active Learning

Details of this single-labeled 2-class network and the experimental setup is men-
tioned in Section 4.1. We randomly sampled 2% of the nodes as training and
30% as testing sets, and left the rest in the pool. We used wvRN-RL [10] as
collective classifer with training and pool sets; and performed collective infer-
ence on nodes in the pool. In Figure 3.2, we show the distribution of instances
in the pool that changed labels across four rounds of active learning. For each
round we chose 100 instances from pool with the highest FLIP scores across 50
iterations of collective inference and added them to the training set. For each
round, the total number of instances that flipped labels, gradually decreased
over consecutive iterations of the inference phase. These plots motivated us to
use the inference steps of collective classification in order to identify informative
instances from pool.

3.3 Active Learning for Multi-labeled Networks

We use the FLIP algorithm for multi-labeled networks with ML-wvRN-RL as
the collective classifier. We aggregate each label’s FLIP scores and select those
instances which have highest total FLIP score. Rest of the steps are same as
shown in Algorithm 1. This method is also referred by FLIP in our experiments
with multi-labeled networks.

3.3.1 Active Learning with Per-Label Cost
We proposed a method to optimize the cost associated with querying each label
within the multi-labeled relational networks. Specifically, in each iteration either
a single label or a subset of labels of selected samples are queried, while the labels
of the remaining instances are inferred in the subsequent rounds. Querying a sub-
set of labels of a multi-labeled instance makes more efficient utilization of budget
compared to querying all the labels. We refer to this method as FLIP-per-label
(Algorithm 2). Intuitively, this method iteratively chooses a (node,label) pair for
which the label has flipped maximum number of times.

The number of (node,label) pairs chosen in each round of active learn-
ing depends on a parameter batchsize, i.e., the total number of labels to be
queried. Unlike FLIP, in this case array S contains the FLIP scores for all pos-
sible (node,label) pairs. Additionally, a list called PAIR (of (node,label) pairs)
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is maintained. We initialize PU = 0.5×1|U|×K assuming all unobserved or miss-
ing labels are equally likely with probability score = 0.5. We set |U | = |PO|, i.e.,
number of unlabeled nodes in the pool. In line 3 of Algorithm 2, the learner pre-
dicts the probability scores of all the classes (and thereby, labels) for each of the
instances in the pool. It queries labels based on the probability values in PU (line
17), thereby, updating matrix PL (line 19) depending on which instances have
their specific label(s) queried. If the predicted class conditional probability of an
instance lies between lower and upper probability thresholds (ltr and utr respec-
tively), then the corresponding class label is assumed to be non-informative, and
hence, not queried. We set ltr = 0.3 and utr = 0.7, assuming that any label k of
node vi having probability score P (yik = 1|Ni) ≤ 0.3 can not be the true class of
vi. Similarly, any label k of node vi having probability score P (yik = 1|Ni) ≥ 0.7
can be considered as the true label of vi. In either of the two cases, the label k
is queried by the learner. The algorithm is referred as FLIP-PL in the plots of
Section 4.

Algorithm 2. FLIP-per-label
Input: G = (V, E): the network, K: number of classes, CC: collective classifier, maxiter: number

of iterations for the approximate inference of CC, b: batchsize, B: budget, PO: pool, T : Initial
training set with l% of |V| as labeled samples, YL: Label matrix of nodes in training set T , ltr :
lower threshold of probability score, utr : upper threshold of probability score

Output: L: updated training set
1: Initialize L← T ;PL = YL;PU = 0.5× 1|PO|×K ; total← ∅
2: while total < B do
3: Run CC with L as labeled data and U = PO as unlabeled data to predict labels for unlabeled

instances in the pool PO, update PU from Equations (1)-(3)
4: S ← 0, index← 1, PAIR← 0
5: for each node vi s.t. i ∈ PO do
6: for each label k ∈ {1, 2, · · · ,K} do

7: S[index] =
∑maxiter

t=1 |yt
ik − yt−1

ik | where yt
ik is the predicted label of node vi in the t-th

iteration of inference through CC, such that yt
ik ∈ {0, 1}

8: PAIR[index]← (i, k) /* store the (node,label) pair */
9: index← index + 1
10: end for
11: end for
12: SS ← Sort(S, descend)
13: pair ← (i, k) pairs selected from PAIR s.t. pair[1] = (i, k) has the FLIP score = SS[1] and

pair[index] = (i′, k′) has FLIP score = SS[index]
14: count← 0
15: for each (i, k) ∈ pair do
16: Get P (yik = 1|Ni) from updated PU computed in line 3 using Equations (1)-(3)
17: if P (yik = 1|Ni) ≥ utr or P (yik = 1|Ni) ≤ ltr then
18: Query label k of node vi in the pool PO
19: Add node vi to L with vi’s k-th label disclosed to CC, remove i from pool PO, Update

PL with the queried label information of vi
20: count← count + 1
21: if count == b then
22: break
23: end if
24: end if
25: end for
26: total← total + b
27: end while
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3.4 Variants of FLIP for Single- and Multi-labeled Networks

The active learning algorithm relies on computing the FLIP scores for each of
the instances in the pool during the inference phase. However, several instances
may end up having the same FLIP scores. As such, we developed different tie-
breaking strategies and variations of the FLIP algorithm.

3.4.1 Betweenness Centrality
Macskassy [11] proposed several graph-based metrics to select informative in-
stances for single labeled datasets, out of which betweenness centrality metric
was found to be most useful. For a node vi, the shortest path betweenness cB(vi),
is defined as follows [11]:

cB(vi) =
∑

va,vb∈V

σ(va, vb|vi)
σ(va, vb)

(4)

where σ(va, vb|vi) represents the number of shortest paths that pass through
node vi and σ(va, vb) represents number of shortest paths between any pair of
nodes va, vb in the graph. Nodes with high betweenness centrality scores can
be considered as information hubs in the network (making them important for
collective inference). Upon encountering a tie on FLIP scores, nodes with high
betweenness centrality are finally chosen. This is referred by FLIP-BC.

3.4.2 Hops from Training Nodes
For our active learning algorithm, the objective is to select instances that can
disperse the labeled information over the entire network. To this end, upon
encountering a tie in FLIP score we choose only those nodes that are at a
greater distance (hops) away from any of the training nodes. We refer to this as
FLIP-H.

3.4.3 Absolute difference in Probability Score
For each node in the pool, our active learner predicts the class conditional prob-
abilities with values in [0, 1] (see Equation (1)). However, when the learner is
most uncertain about the class of an instance, it is more likely to predict a score
≈ 0.5 for each of the K classes. Instead of computing FLIP score for vi as the
count/frequency of flips, we compute the deviation of class conditional probabil-
ities from 0.5 for each of the labels at the end of the maximum allowed iterations
(t = maxiter) and assign the score to S[i].

S[i] =
K∑

k=1

|Pmaxiter(yik = 1|Ni)− 0.5| (5)

where P t(yik = 1|Ni) at t = 0, is initialized according to Equation (2). We query
those instances, which have lowest scores in S. If Pmaxiter(yik = 1|Ni) ≈ 0.5 then
learner is uncertain about its true label and S[i] ≈ 0 and vi can be considered as
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an informative sample. Intuitively, this approach is very similar to FLIP, because
Pmaxiter(yik = 1|Ni) ≈ 0.5 will most likely cause node vi to flip its labels several
times. We refer to this method as FLIP-A.

3.4.4 Entropy
Entropy is a measure of uncertainty in any system. Since, we are predicting the
labels of the instances in the pool, we assume that instances which have the
highest entropy due to their predicted labels, are most difficult to classify and
are expected to be the most informative instances for learning a model. For a
node vi in the pool, the entropy cE(vi) due to collective inference is:

cE(vi) = −
K∑

k=1

Pmaxiter(yik = 1|Ni) · log(Pmaxiter(yik = 1|Ni)) (6)

This entropy is used as utility score in identifying informative nodes from the
pool. We refer this baseline as Entropy.

3.5 Variants of FLIP-per-label for Multi-labeled Networks

The subtle difference between FLIP and FLIP-per-label required us to use a
different set of variants compared to that defined in Section 3.4.

3.5.1 Cumulative FLIP score
This is a two-phase selection procedure. In first phase, node vi is selected based
on its overall FLIP score computed as S[i] =

∑maxiter
t=1

∑K
k=1 |ytik − yt−1ik | (line

6, Algorithm 1). In second phase, any label k of vi that has probability score
Pmaxiter(yik = 1|Ni) ≤ ltr or Pmaxiter(yik = 1|Ni) ≥ utr was selected for anno-
tation (Pmaxiter(yik = 1|Ni) is the probability of class k after maxiter iterations
during collective classification). This method is referred as FLIP-PL-ALL.

3.5.2 Betweenness Centrality
The nodes with high betweenness centrality scores (computed using Equation
(4)) in the pool are selected first. For each such node vi, the labels which have
probability scores Pmaxiter(yik = 1|Ni) ≤ ltr or Pmaxiter(yik = 1|Ni) ≥ utr

are selected for annotation. This is referred by BC-FLIP-PL. We also propose a
baseline method that uses betweenness centrality score to identify nodes from
pool, and then for each such node vi, randomly selects �0.5 ×K� labels which
have high FLIP scores. This method is referred as BC-RAND.

3.5.3 Entropy
For a node vi in the pool, the entropy cE(vi) is measured according to Equation
(6) (Section 3.4.4). This is used as a utility score in identifying informative nodes
from the pool. For each such multi-labeled node vi, �0.5×K� labels which have
high FLIP scores are queried. This method is referred by Ent-FLIP-PL.
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Table 1. Description of datasets (single-labeled and multi-labeled networks)

Single-label

Type Name |V| |E| K ADN† ACC† ALN † (+)/(-)†

Binary
DBLP(B)-binary 5329 21880 2 7.2117 0.8127 1 2935/2394
IMDB - prod 1176 37174 2 63.2211 0.3963 1 564/612

Multi-class

Cora 2708 5278 7 3.8981 0.2407 1 NA
DBLP(B)-multiclass 5329 21880 6 7.2117 0.8127 1 NA
Industry - pr 2189 11666 12 10.6587 0.5425 1 NA
Flickr 7971 478980 7 120.1807 0.2955 1 NA

Multi-label

NA
DBLP(A) 10314 47200 6 8.1526 0.9999 1.6191 NA
DBLP(B) 5329 21880 6 7.2117 0.8127 1.2211 NA
IMDB - actor 2411 12255 22 10.1697 0.4720 3.6838 NA

†
ADN = Average degree per node, ACC = Average clustering co-efficient, ALN = Average number

of labels per node, (+)/(-) = Numbers of instances in positive/negative class

4 Experimental Protocol

4.1 Datasets

We evaluate the performance of our algorithms on six single-labeled datasets and
three multi-labeled datasets. All datasets used in this paper can be downloaded
from the website2. Characteristics of these datasets are provided in Table 1.
We validate our algorithms using the framework described by Bilgic et al. [2].
First we select 30% of the nodes randomly from each network as test samples,
and keep these nodes as well as all the edges connected to these nodes separate
from the network during active learning. The remaining nodes are split into
pool and training set. We found that instead of choosing samples for training
randomly, if we choose samples that have high betweenness centrality score then
the performance of the classifier improves. The performance of the learner is
measured w.r.t. the test set after putting the test nodes and edges back in
the network. We choose only 2% of the total number of instances having high
betweenness centrality scores as the initial training set.

We have extracted four different co-authorship networks (two single-labeled
networks named as DBLP(B)-binary, DBLP(B)-multiclass and two multi-
labeled networks named as DBLP(B) and DBLP(A)) of computer science re-
searchers from the DBLP3 bibliographic database as done by Kong et al. [7].
DBLP(B) is a dataset consisting of authors publishing in different computer
science areas whereas DBLP(A) consists of authors from specific disciplines of
computer science (Data Mining/AI). DBLP(B)-binary dataset is derived from
DBLP(B) by considering “Networking” area as the positive class and rest of
the classes as negative class. DBLP(B)-multiclass is derived by labeling each
author (node) in DBLP(B) with the research area (label) in which the author
has published most of his/her papers. We created an undirected version of the
Cora citation network of papers (without any node features) belonging to one

2 http://www.cs.gmu.edu/~tsaha/Projects/
3 http://www.informatik.uni-trier.de/~ley/db/

http://www.cs.gmu.edu/~tsaha/Projects/
http://www.informatik.uni-trier.de/~ley/db/
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of the seven AI related research areas from the original dataset used by Lu and
Getoor [9]. Industry-pr network comprises of 2189 companies that co-occurred
with at least one other company in the PR Newswire release dataset4. The la-
bels of the companies are based on Yahoo!’s 12 industry sectors. IMDB-prod
network contains movies (a link exists if two movies shared a production com-
pany) released in the United States between 1996 and 2001, with class labels
identifying whether the opening weekend box-office receipts will exceed 2 mil-
lion dollars or not [10]. Another network of actors (referred as IMDB-actor) who
acted in movies released between 1990 − 2012, was created by us. There is an
edge between two actors if they have acted together in a movie. The labels of
an actor are the multiple genres of the movies in which that actor acted. Since
this network is multi-labeled, each actor has one or more genre(s) as his/her
label. Flickr network was created by sampling the seven most populated classes
from the original network by Tang et al. [18]. This is a single-labeled connected
network of 7971 individuals belonging to 7 specific interest groups (classes).

4.2 Comparative Methods

Both FLIP and FLIP-per-label algorithms and their variants are compared
w.r.t. several baseline methods listed in Table 2. BC is the baseline method that
chooses instances with high betweenness centrality score as informative samples.
A tie is resolved by random selection. For single-labeled networks, Random base-
line model randomly selects a batch of nodes as informative samples, and queries
any label for each of those nodes. For multi-labeled networks, �0.5 ×K� labels
were chosen for querying in Random. We also experimented our active learning
paradigm with a link based classifier [9] without using any node features, but
the results were considerably poor, because such classifiers use both node and
topological features to learn a model (results not reported here due to space).

Table 2. Comparing methods for FLIP (single-labeled and multi-labeled networks) and
FLIP-per-label (multi-labeled networks)

Type of Method Algorithm Type of Classification Publication

Variants of FLIP
FLIP Single and multi-label This paper (Algorithm 1)
FLIP-BC Single and multi-label This paper (Section 3.4.1)
FLIP-H Single and multi-label This paper (Section 3.4.2)
FLIP-A Single and multi-label This paper (Section 3.4.3)
BC Single and multi-label Baseline ([11])
Entropy Single and multi-label Baseline (Section 3.4.4)
Random Single and multi-label Baseline ([2,11])

Variants of FLIP-per-label

FLIP-PL Multi-label This paper (Algorithm 2)
FLIP-PL-ALL Multi-label This paper (Section 3.5.1)
BC-FLIP-PL Multi-label This paper (Section 3.5.2)
Ent-FLIP-PL Multi-label This paper (Section 3.5.3)
BC-RAND Multi-label Baseline (Section 3.5.2)
Random Multi-label Baseline (Section 4.2)

4 http://netkit-srl.sourceforge.net/data.html

http://netkit-srl.sourceforge.net/data.html
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4.3 Validation Protocol

For single-labeled networks, we report the 0/1 loss (error) on the test set for all
the comparing methods. The performances reported for all single-labeled and
multi-labeled networks are an average of 10 independent runs. For each round
of active learning in single-labeled networks, we choose batch size b = 5 for
IMDB-prod and Industry-pr networks, b = 10 for Cora network, and b = 20 for
DBLP(B) and Flickr networks. The value of batch size, b was determined de-
pending on the total number of nodes in the network. For multi-labeled networks
we use hamming loss (lower the better) and micro-F1 score (higher the better)
as evaluation metrics [7,15]. For each round of active learning using FLIP, we
choose the batchsize b = 5 for IMDB-actor, b = 20 for DBLP(B) and b = 30
for DBLP(A) networks, respectively. For FLIP-per-label, b = 110 for IMDB-
actor, b = 60 for DBLP(B) and b = 90 for DBLP(A) are used. We conducted 30
and 50 rounds of active learning for single-labeled and multi-labeled networks,
respectively, in order to observe the convergence of all the comparing methods.
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(c) Cora - multiclass
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(d) DBLP(B) - multiclass
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(e) Industry-pr - multiclass
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(f) Flickr - multiclass

Fig. 2. Performance of active learning methods on all single-labeled networks (best
viewed in color print)

5 Results and Discussion

5.1 Active Learning for Single-Labeled Networks

Figure 4.3 shows the performance of all the active learning methods on six single-
labeled networks. The X-axis represents the rounds of active learning that have
been carried out and Y axis reports the classification error (or 0/1 loss) on
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(a) DBLP(B) micro-F1
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(b) DBLP(A) micro-F1
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(c) IMDB-actor micro-F1
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(d) DBLP(B) hamming loss
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(e) DBLP(A) hamming loss
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(f) IMDB-actor hamming
loss

Fig. 3. Performance of FLIP on multi-labeled networks w.r.t. micro-F1 score (↑) and
Hamming Loss (↓) (best viewed in color print)

the test nodes. We can see that most of the active learning strategies perform
well compared to random sampling and other two baseline methods (BC and
Entropy). For the IMDB-prod, DBLP(B)-multiclass and Flickr networks, all the
active learning algorithms outperform random sampling. These three networks
consist of instances that belong to uncorrelated classes, but still have a fully con-
nected structure that can propagate label information over the entire network.
So, when FLIP score is the only criterion for identifying informative samples in
this network, then nodes in the pool undergo multiple changes in their labels
through consecutive iterations which causes FLIP-based active learning methods
to perform well. The high error values for Industry-pr network is because it has
12 classes and the number of samples in the dataset is only 2189, resulting on
an average ≈ 182 instances per class. Hence, the classification task is harder for
this dataset. For brevity, we do not include statistical significance tests for these
results in this paper. Details can be found in the submitted supplementary file.

5.2 Active Learning for Multi-labeled Networks

5.2.1 Performance of FLIP
Figures 5.1 shows the performance of different methods w.r.t. micro-F1 scores
and hamming loss for DBLP and IMDB-actor networks, respectively. For
DBLP(B) network, the performance of all the active learning methods are better
in comparison to the baselines. The good performance of all FLIP-based meth-
ods (except FLIP-A) on this dataset is due to the lack of correlation between
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Fig. 4. p-value plots and heatmaps of hamming loss for multi-labeled networks with
FLIP: p <= 0.1 denotes random sampling is significantly worse, p >= 0.9 denotes ran-
dom sampling is not significantly worse compared to other methods at 10% significance
level (best viewed in color print)

the classes to which nodes of this network belong. Hence, when we are using
only FLIP score to query all the labels of an instance, the learner is abruptly
fed with lots of information that help improve its performance. FLIP-A selects
instances which have class conditional probability values closer to 0.5 for all the
classes. For single-labeled network, this is a good metric to identify informative
instances, however, for multi-labeled networks this is misleading because it ends
up choosing those instances for which all the classes have conditional proba-
bility values ≈ 0.5. For DBLP(A) network, since all the labels of this network
are highly correlated, we see a less promising performance from the FLIP-based
active learning methods in the first few rounds. For the IMDB-actor network,
FLIP-H is the best performer. The sparsity of this network and fewer instances
per class, poses a hard task for the classifier. When the hops from a training node
are considered as tie-breaking criterion for the FLIP score, it enables nodes from
farther apart zones in the network to get added to the training set, thereby im-
proving the overall diversity of the training set.
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(b) DBLP(A) micro-F1
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(c) IMDB-actor micro-F1
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(d) DBLP(B) hamming loss
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(e) DBLP(A) hamming loss
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Fig. 5. Performance of FLIP-per-label on multi-labeled networks w.r.t. micro-F1 (↑)
and Hamming Loss (↓) (best viewed in color print)

To assess the statistical significance of the results and to compare between
the different methods, we performed paired t-tests following the work of Bilgic
et al. [2]. Figures 4(a)-(b) show the p-value plots for DBLP(B) and DBLP(A)
networks. The X axis corresponds to the rounds of active learning, and the
Y axis corresponds to the p-value for the paired t-test of the hamming loss
resulting from 10 independent runs of the corresponding pair of methods at
each round of active learning. If the p-value for a A vs B plot lies below 0.1
then model A wins over model B at 10% significance level.

In order to observe how each of the active learning approaches are performing
individually, we showa heatmapof p-values comparing the algorithms in a pairwise
fashion. For example, consider Figure 4(c) where each block represents a p-value
obtained from the corresponding pair of algorithms (along the rows and columns of
the figure). For each algorithm, we aggregate the performance measures obtained
across all the active learning rounds (50 rounds formulti-labeled networks) for each
of the 10 independent runs. Darker intensity colored boxes indicate that p-value
lies below 0.1 and the corresponding pair of methods show significantly different
results from one another. Lighter intensity colored boxes suggest otherwise.

We have performed pairwise t-tests on each pair of models for the hamming
loss (Figures 4(a)-(b) for comparison with Random model and Figures 4(c)-(d)
for comparison with every other method). For brevity, we include results for
IMDB-actor network in the submitted supplementary file. Figure 4(c)-(d) shows
that, for both the DBLP(B) and DBLP(A) networks, all the active learning
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Fig. 6. p-value plots and heatmaps of hamming loss for DBLP(B) and DBLP(A) net-
works with FLIP-per-label method: p <= 0.1 denotes random sampling is significantly
worse, p >= 0.9 denotes random sampling is not significantly worse compared to other
methods at 10% significance level (best viewed in color print)

methods are significantly better than random sampling (Random model) and also
statistically significant in comparison to one another.

5.2.2 Performance of FLIP-Per-Label
At each round of active learning, instead of querying all the labels of an instance,
we queried labels based on (node,label) pairs that were identified as top candi-
dates by the FLIP-per-label algorithms. Figure 5.2.1 shows the performance
of FLIP-PL and FLIP-PL-ALL algorithms for three multi-labeled networks w.r.t.
other methods. The poor performance of BC-FLIP-PL and Ent-FLIP-PL is due
to the fact that we initialized the class conditional probability of all pooled nodes
with 0.5 in the beginning of active learning. This accounts for high entropy val-
ues but low overall FLIP scores in the first few rounds, thereby choosing samples
that are not quite informative for both BC-FLIP-PL and Ent-FLIP-PL methods.
Figure 5.2.1 supports these through the corresponding p-value plots and respec-
tive heatmaps that compare the performance of different models against random
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sampling, and also against one another for DBLP datasets (we include results
for IMDB-actor dataset in the supplementary file).

6 Conclusion

Active learning for relational network classification is an emerging field of re-
search. In this paper, we developed several active learning algorithms based on
a state-of-the-art relational classifier. Our contribution can be summarized as
follows: (i) our methods rely on network structure for collective classification of
single-labeled and multi-labeled networks; (ii) we propose a different scenario in
active learning on networks for spending the budget (FLIP-per-label) when
only a subset of all possible labels can be queried for instances in multi-labeled
networks. To the best of our knowledge, we are the first to propose these two cat-
egories of active learning algorithms in multi-labeled relational network datasets.
FLIP shows good results on single-labeled as well as multi-labeled networks, in
comparison to multiple baselines. FLIP-per-label tackles more restricted bud-
get situations in active learning, and the results are promising for several real
world multi-labeled networks.

Acknowledgements. Huzefa Rangwala is supported by NSF Career Award
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