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Query-Driven Approach to Face
Clustering and Tagging

Liyan Zhang, Xikui Wang, Dmitri V. Kalashnikov, Sharad Mehrotra, and Deva Ramanan

Abstract—1In the era of big data, a traditional offline setting
to processing image data is simply not tenable. We simply do
not have the computational power to process every image with
every possible tag; moreover, we will not have the manpower
to clean up the potentially noisy results. In this paper, we
introduce a query-driven approach to visual tagging, focusing
on the application of face tagging and clustering. We integrate
active learning with query-driven probabilistic databases. Rather
than asking a user to provide manual labels so as to minimize
the uncertainty of labels (face tags) across the entire data set,
we ask the user to provide labels that minimize the uncertainty
of his/her query result (e.g., “How many times did Bob and Jim
appear together?””). We use a data-driven Gaussian process model
of facial appearance to write the probabilistic estimates of facial
identity into a probabilistic database, which can then support
inference through query answering. Importantly, the database is
augmented with contextual constraints (faces in the same image
cannot be the same identity, while faces in the same track must
be identical). Experiments on the real-world photo collections
demonstrate the effectiveness of the proposed method.

Index Terms—Face tagging, query-driven active learning,
contextual constraints.

I. INTRODUCTION

HE era of “big data” is certainly upon us. Recent

estimates suggest that by 2018, more than 80% of total
traffic on the internet will consist of video transmissions, and
more than 50% of total traffic will originate from non-PCs
(e.g., mobile) devices [1]. These statistics suggest that big mul-
timedia data from heterogeneous sources will play a vital role
in the future, supporting a variety of end applications. We see
three main challenges for visual processing in the big-data era:
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Fig. 1. In the era of big data, the “offline” setting for face clustering/tagging
is not suitable. We propose query-driven paradigm to face clustering/tagging
which can be seamlessly integrated into image analysis/retrieval process.

1) Variability: Diverse data sources mean that the data will
arrive in a noisy, uncertain state, making data-cleaning
a fundamental issue [2].

2) Velocity: Data and applications will appear at fast,
essentially real-time rates [1]. Such fast arriving data
cannot be processed fully when it arrives. Also, we may
not know which data needs to be processed and how it
should be processed until we know the applications.

3) Volume: We simply will not have the computational
resources to process all the data with all possibly
relevant attribute tags. It will be crucial to not spend
computation on processing that will not be used by a
future application.

To appreciate how big data impacts vision techniques,
we focus on a concrete setting of face-tagging and clustering.
Imagine a user wishing to analyze a large video data source
he/she found over an internet using a search engine, or a
large collection of surveillance video from a camera array
in an office building. A user wishes to perform face-tagging/
clustering to support analysis such as "What time does Bob
usually come to office?” or "People from which group use
the common room facilities the most?” (as illustrated in
Fig. 1). Face tagging and clustering techniques have been
widely explored and incorporated in many commercial photo
management systems such as Google’s Picasa and Apple
iPhoto. Most such systems offer semi-automated techniques
— the system performs an initial clustering based on various
features, the result of which are returned to the users for
cluster refinement and tagging. The academic community has
also pursued similar methods for interactive or “human-in-the-
loop” face tagging [3]-[6], sometimes addressed in an active-
learning framework [7], [8]. Notably, such methods, though
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interactive, are still applied in an “offline” setting assuming
one has access to all the data and all tags of interest. The
“offline” setting is simply not tenable in the context of big
multimedia data, since we do not have the computational
power to process every image with every possible tag, and
moreover, we will not have the manpower to clean up all the
potentially noisy results.

Our Approach: To address the “big data” challenge, a new
paradigm is emerging in the world of big data analysis which
can be referred to as “just in time analysis” or query-time
analysis where we do not process the entire data set [9].
Instead, data is processed in the context of an application
which limits expensive analysis to only the part of data that
is needed for analysis. This is a huge savings, especially in
the interactive face tagging setting that requires human input
where the speed and volume of the data prevents tagging
the entire data set. In this paper, we explore such a new
“query-driven” paradigm in the context of interactive face
tagging/clustering. To implement this strategy, we introduce
a notion of query-driven active learning. Rather than asking
a human to provide a label that minimizes label uncertainty
over all the data, our system asks for a label that reduces the
uncertainty in answers for particular query. For example, if a
user queries the system for images of “John”, our system will
likely interactively prompt the user to provide tags for John or
face that get confused with John. We show that this produces
much different results than “query-agnostic” prompts used in
active learning.

Database-Perspective: Since our approach is based on
exploiting the application context for vision processing, we
write the paper from a database perspective. Database sys-
tems are amongst the most widely used technology for data
analysis since they support powerful data models that can
be used to represent diverse information/relationships about
objects/events, a powerful query language like SQL that can be
used to express analysis tasks, and a sleuth of implementation
techniques for efficient query processing. We refer the reader
to established texts on databases [10] for details about the
technology though we will explicitly explain the all the
concepts (viz., probabilistic relational databases and entity-
relationship schema) we use in our solution.

The rest of this paper is organized as follows. We introduce
the related work in Section 2, and define the schema for
our database through entity relational diagrams in Section 3.
In Section 4, we present the main approach to query-driven
face tagging, beginning with probabilistic queries on the media
data and then exploring strategies for interactive face tagging.
The proposed approach is empirically evaluated in Section 5,
specifically compared with previous approaches to query-
agnostic active learning. Finally, we conclude in Section 6
by highlighting key points of our work.

II. RELATED WORK

Face tagging and clustering techniques have been exten-
sively explored in the prior literature [11]-[15]. Typically,
the primary goal is to guide users to tag faces as quickly
and accurately as possible. Then the key question becomes
which faces should be tagged first in order to maximize
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performance on all the remaining data [7]. To address this
issue, active learning framework [16]-[19] has been widely
utilized to design the sample selection criteria. For example,
Siddiquie and Gupta [20] present an active learning framework
to simultaneously learn appearance and contextual models
for multi-class classification. The work [18] incorporates
the semantic gap measure into the information-minimization-
based sample selection strategy, and can effectively reduce
semantic gap. Kapoor et al. [7] have proposed a Gaussian
process based active learning paradigm which incorporates
constraints as a prior to guide users to tag the faces with
maximum expected informativeness.

These techniques, though interactive, are still applied in an
“offline” setting (which assumes one has access to all the
data and all tags of interest, and ignores the further analysis/
retrieval applications). In the context of big multimedia data,
the “offline” setting is simply not tenable. Consider, for
instance, a continuous feed of images collected by diverse
cameras installed all over the public facility such as an airport
(or a shopping mall). Given the enormity of such data, its
continuous nature, and the number of individual faces that
may appear over a period of time, it is infeasible (if not
impossible) to comprehensively tag the entire collection of
faces. Even if we somehow could spend immense compu-
tational and human resources for such a purpose, all such
efforts would be of wasted if, for instance, later retrieval /
analyses does not require those annotation results. Therefore,
in this paper, we propose a new ‘“query-driven” paradigm to
face clustering/tagging which can be seamlessly integrated into
image analysis/retrieval process.

While the query-driven approach is attractive, it opens a
whole set of new challenges, such as query processing on
uncertain data, and “query-driven” active learning framework.
The database community has widely explored the probabilistic
query processing problem, and developed many advanced
techniques including fuzzy-logic based approaches [21], logic
based approaches, approaches based on DempsterCShafer
theory [22] and approaches based on probability the-
ory [23], [24]. One of the successful approaches proposed by
Sen et al. [23] describe a relational database encoding of factor
graphs that can leverage probability inference techniques to
compute query results. Therefore, to process probabilistic
queries, we will handle this problem from a database perspec-
tive. And then we propose a novel “query-driven” active learn-
ing strategy (described in Section 4) to select questions that
can reduce uncertainties in answers for this particular query.

III. SCHEMA DEFINITION

We begin by describing our database schema. Suppose that
we are given a human-centered photo album that contains M
images 7 = {I1, I, ..., Iy}, see Figure 2. Assume that n
faces are detected, F = {f1, f2,..., fu}, with each face
denoted as f; or filk (that is, f; is extracted from image Ij).
Suppose that middle-level semantic concepts can be extracted
from images and faces leveraging the pre-trained classifiers
or provided by users, such as image captured time denoted
as Iy.time, Geo-location [y.loc, and images tags Ii.tag.
Besides, face attributes can be extracted from each face
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TABLE I
SUMMARY OF NOTATIONS USED IN THE PAPER

Notation | Meaning

A the set of images Z = {I1,I2,..., Iz}

F the set of detected faces F = {f1, f2,..., fn}

C the set of initial face clusters C = {C1,Cq,...,Cn}
Fr, the set of labeled faces Fy, = {f1, f2,... fr}

Ty the set of provided face tags Ty, = {¢1,t2,...tL}

R given a query, the set of result nodes R = {r1,r2,...rm}
H(f:) the entropy of face f;

I(f:) the information gain of face f;

HY(f;) | the query-driven entropy of face f;

Ha(f;) the query-driven entropy with constraints for face f;

Query: Find photos about Jim and babies in last week.
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Fig. 2. The input of query-driven face tagging problem. We visualize our
database schema with a standard entity relationship diagram [10] consisting of
entities (squares), attributes (ovals), and relations (diamonds). Such a schema
can be efficiently implemented in a relational database.

utilizing the pre-trained attribute extraction classifiers, includ-
ing intrinsic attributes like “gender”, “age”, “ethnicity”, and
describable attributes “black hair”, “big nose”, etc., denoted as
fi.attr. Each face is associated with an identity attribute f;.z.
Importantly, the domain of f;.r is unknown (because of our
open-world assumption). Table I summarizes the meaning of
notations used throughout this paper.

Database Constraints: Contextual constraints provide addi-
tional cues about the face identities. For example, co-occurring
faces in one image usually refer to different people. Such a
relationship can be defined as a “diff” constraint ¢~ in our
schema. Faces from the same face track in a video should refer
to the same person, denoted as a “identical” (or “same’) con-
straint ¢ In our experiments, we generate an over-clustering
of faces (with a tight threshold on appearance variation) to
construct a set of N initial clusters C = {Cy, Ca,...,Cpn}.
Assuming that each cluster is pure, we enforce the same &
constraint for each cluster.

Weak Supervision: We construct a probabilistic database
using the entity-relationship diagram in Figure 2. On top of
this probabilistic database, users can present a query to extract
the interested knowledge. To indicate the target people in the
query, users can specify several face samples of this target
person. Therefore, the whole face dataset F will be partitioned
into labeled face set F;, = {fi1, f2,... fr}, with tags T =
{t1, 12, ...11}, and unlabeled face set Fy. Our goal is to choose
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Fig. 3. User Interface. Given a query, the system will automatically choose

some questions to return to users for feedbacks, based on which the query
answers will be updated.

which faces to tag (or questions to ask users) in order to
achieve the accurate query answers as soon as possible.

IV. QUERY-DRIVEN APPROACH TO FACE TAGGING

Querying: One advantage of a database is immediate sup-
port for powerful operators such as selections “show me all
male faces”, complex selections such as (e.g., “male faces
with Jack”) , aggregations (“who appeared most often with
Jim”), and joins (“all pictures of a person who appeared
with Jim”). SQL allows one to algebraically compose fairly
complex queries by composing the basic operators such as
selections and joins. As we will show, a query language is
fundamental to the success of our active-learning approach
because it allows us to focus user effort on labeling data that
matters (i.e., relevant for the user’s query).

Figure 3 illustrates the designed interface for an example
complex selection query. Query answers are displayed to
users as a ranking list based on the relevance to queries.
To measure the quality of query answers, we score the average
precision (AP) [25] of a returned ranked list. Our goal is to
improve the AP performance of the returned ranking list with
minimum user effort.

Overall Framework: We visualize our overall framework
in Fig. 4. Given a media dataset, we first built a probabilistic
database by extracting semantic attributes using visual con-
cept detectors (for example, tuned for faces and particular
face attributes). We expect these detectors (and the resulting
attributes) to be rather noisy and probabilistically uncertain.
When users present a high-level semantic query (translated to
SQL query algebra), the database manager will process the
query and return an answer to the query. If users are not
satisfied with the answer, the human-in-the-loop component
will be activated. It will automatically generate questions to
ask users for feedback, based on which the final query answer
will be updated until users are satisfied.

A. Probabilistic Query Processing

Capturing probabilistic uncertainties is still somewhat chal-
lenging in a database model. One of more successful
approaches implements a probabilistic graphical model (PGM)
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Fig. 4. The general framework of query-driven face tagging. Queries are
processed on a probabilistic database to generate the tentative answers. And
then the query-driven active learning strategy will select questions to return
to users for feedback, which will be leveraged to update the query answers.
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Generation

through a database system [23]. Sen et al. describe a rela-
tional database encoding of factor graphs that can leverage
probability inference techniques to compute query results.
Importantly, users can produce queries using a standard set
algebra including selection, join, aggregation, etc. Sen et al.
describe a mapping for transforming such queries into a factor
graph. In this paper, we choose to focus on “select” queries —
e.g., “find the photos of Jim and babies in the last week”.
There are several reasons — first, before we explore more
complex nature of queries — e.g., joins, aggregations, or a
full class of SQL, it makes sense to develop and validate
the idea in the context of selections. Furthermore, selections,
while limited in their degree of expressibility are arguably
the most important class of queries in the context of visual
data collections. Finally, as we will discuss later in the paper,
techniques for more complex queries can be built around the
techniques we develop for selections.

1) Factor Graph Representation: We visualize a small
example factor-graph in Figure 5. Note that this represents
a probabilistic factor graph with random variables, and not
an entity-relationship diagram. Specifically, the factor graph
includes random variables capturing the uncertain identity
label of each face, and possibly uncertain tags associated with
each image. The factor-graph encoding enumerates combi-
nations of entity relationships with a “join operation”, and
associates each join-tuple with a binary random variable
indicating if it is true or not [23].

Dependencies: The edges in the graph can represent the
correlations and dependencies between entities. Correlations
are represented with undirected links. We use such edges
to model appearance similarities between face entities.
Directed edges represent relationship dependencies between
entities. For example, join tuples depend on the faces
and images, where the dependence is defined by factor
functions Facl.l. These factor functions essentially act as
“ANDs”, e.g., Fac}(]llflll,fll,ll) = true, if (flll.t =
“Jim” A f{“.attr = “baby” A I1.time = “last week”). Thus,
the probability of join tuple J; = true is the joint probability
of each of its dependent factors taking on the given states.
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Query: Find photos about Jim and babies in last week.
saL: SELECT Image. Image_ID
FROM  Face as F1, Face as F2, Image
WHERE F1l.Image_ID=F2.Image_ID and
Fl.Image_ID=Image.Image_ID
F1.P="Jim” and F2.attr="Baby” and
Image.time="last week”

Join tuples

'ld
Ba=“Jim” &
5. attr="baby” &
time="last week’

‘IJ
TB.=“Jim” &
B.attr="baby” &
time="last week’

7,
fe=“Tim” &
[fi'.attr="baby” &

-time="“last week’

‘ll
Tl e=“TJim” &
L attr="baby” &
~time="last week’

Resultnodes

Fig. 5. An Example of Factor Graph. A given query is first transformed
into SQL query, and then represented by factor graph. Correlations and
dependencies are captured by factor graph to facilitate the probabilistic query
reasoning.

Result Nodes: We define a result node associated with each
image in the database, capturing a binary variable that specifies
if it should be returned in the query answer. Result nodes
rely on join tuple nodes, with the factor denoted as F aciz,
where we use the superscript 2 to denote that this factor
function is distinct from the one used to compute join tuple
probabilities. Result-specific factor functions essentially act as
“ORs”, returning Fac}(R(I))|J1, J2) = 1, if (i = true v
Jo = true). We write r; as the final computed probability that
image i should be returned in the result.

2) Inference on Unlabeled Data: The previous factor-graph
model crucially requires accurate posterior probabilities that
an unlabeled face will take on a particular label — e.g.,
P(fi.t = “Jim”). We now describe an appearance model for
predicting such labels given a smaller set of tagged faces.
Our framework can be applied with any local appearance
model that produces posterior class distributions, including
class-specific Gaussian, softmax classifiers, calibrated SVMs,
etc. Given a database-perspective, it is natural to use data-
driven nonparametric appearance models to make predictions
on unlabeled data. Gaussian processes elegantly combine the
flexibility of data-driven nearest-neighbor methods with the
regularization afforded through smooth parametric functional
models.

For simplicity, let us write the person identity attribute of
a face f; as t; = f;j.t. Assume that the user has provided
a collection of face tags. Based on ‘“same/diff” constraints,
the database manager can spread these constraints to resolve
the label of some other faces. This will partition the entity
set of faces F into a labeled face set F;, = {f1, f2,... fL},
with tags Ty, = {t1, t2, .. .11}, and unlabeled face set Fy. Our
goal is to infer the posterior probability p(t,|F, Tr), given an
unobserved face f, € Fy. We can then update the probabilistic
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Fig. 6. Gaussian process model is leveraged to infer the “local” probability
of unlabeled samples.

database with revised identity attribute. For example, in Fig. 6,
with face fll1 labeling as “Jim”, face f41 ! will be automatically
labeled as “not Jim” according to the “diff” constraint, and
thus the labeled face set turns to be F;, = {f I f411} with
labels T = {1, —1}. We aim to induce the probability of
unlabeled faces ( f. L f = f513) referring to “Jim”.

Kapoor et al. [7] use a Gaussian Process (GP) prior with
contextual constraints to predict posterior distribution of tag
labels over a set of unlabeled faces. We use a simplified form
of their model, using the GP to only produce “local” predicts
of face identity. We make use of the probabilistic database
manager to enforce contextual constraints.

GP Classification: Gaussian process models have been
widely explored in active learning, especially for visual clas-
sification. To use GPs for classification, we first introduce a
latent variable vector Y = {yi, y2,..., Yn}, where n is the
number of labeled entities (faces). The discrete class label #;
for a face f; is generated via the continuous latent variable y;.
Latent variables capture the assumption that similar faces
should share similar predictions. The posterior distribution
p(Y|F) can be formally denoted as p(Y|F) ~ N(0, K), where
KC refers to a kernel matrix with K;; = k(fi, fj), which
encodes the similarity between face pairs. In the experiments,
Kij = exp(—%rﬁm), where D;; refers to the distances
between face pair f; and f; based on the face representations
(Note that, this kernel function is positive semi-definite).
Following standard GP constructions [26]-[28], given an unla-
beled face f,, the posterior probability over latent variable y,
has a simple form, p(y,|F,t) ~ N(y,, auz), where,

Y, = kI (Kpr +a)7'T, (1)
O'uz = kyu +02—kuT(KLL +02D)7 'k, 2)

Here, the notation K, ky, ky, respectively refer to the
kernel matrix containing covariance between training samples,
the kernel vector consisting of covariance between training
samples and unlabeled samples, and the covariance of the
test sample to itself. The notation I refers to the identity
matrix (square matrix with ones on the main diagonal and
zeros elsewhere). The class label 7, is given by the sign of
predicted mean y,,.
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Constraints: Using the above model by itself only produces
local predictions for each unlabeled face. These may not
be consistent with contextual “same” and “diff” constraints
encoded in our database. For example, in Figure 6 the prob-
ability of 7 and #3 referring to “Jim” should be equal, while
13 and 5 can not refer to “Jim” simultaneously due to the “diff”
constraint. To enforce these constraints, we simply request
the probabilistic database manager to return a valid query.
Internally, the manager is solving an interference problem
using standard algorithmic techniques such as sampling or
belief propagation [23].

B. Query-Driven Active Learning

We now discuss the “heart” of our approach — an active
learning framework for generating questions for user feedback
that is designed to provide better answers to the user’s query
(rather than reduce uncertainty across the whole dataset).
We will focus on questions of face identity. Specifically, our
system asks the user to label a previously unlabeled face so
as to provide better query answers.

1) Exhaustive Approach: Many standard active learning
methods [7], [8], [28], [29] choose uncertainty or information
gain as the criteria to select which sample to label. The
uncertainty criterion seeks to choose the face sample with
most uncertainty, whereas the information gain criterion seeks
to select a data point that has the highest expected reduction
in uncertainty over all the other unlabeled points [7].

Entropy [29] is the most common way to measure uncer-
tainty. Given a discrete random variable X, entropy is defined
as H(X) = — >, p(X = x)logp(X = x), where x is the
class that X might refer to.

Information Gain: Suppose that given a specific query,
we obtain the current query result node distributions
R = {r1,r2,...rn} (m is the total number of result node).
In our case, the information gain of an unlabeled face f; can
be defined as the uncertainty reduction of total query result
set associated with labeling face sample f;:

I(fi) = H(R) — H*(RI i) 3)

Here, H(R) = Z'}':l H(rj), measures the uncertainty of
total query answer set before f; is resolved; H(R|fi) =
z;-"zl > p(fi =t)H(rj|fi = 1), refers to the expected total
uncertainty of the new query answer set with f; resolved
(¢ is the possible label of f;). Our goal is to choose the
unlabeled face with the maximum information gain value,
f*=argmax I(f;).

Howeifee[{, this algorithm is very expensive to compute
because it requires us to perform repeated inference by consid-
ering all possible labels for each unlabeled face sample, and
the resulting impact each labeling would have on the query
answer set. Thus we need to explore the efficient approach
to estimate information gain without repeating the probability
inference.

2) Efficient Approach: Query-Agnostic Entropy: In the
query agnostic scenario, as most prior face tagging work
suggested [7], [29], the information gain of a face sample f;
can be estimated by its own uncertainty (entropy) H (f;).
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Fig. 7. Query-driven entropy is introduced to measure the uncertainty
of query answers induced by the uncertain samples. For instance, if f; is
resolved, we compute uncertainty reduction of result node r; which depends

on f;.

However, in our case, we aim to seek the samples which can
maximally reduce the uncertainty of query answers. Therefore,
we introduce the concept of query-driven entropy.

Query-Driven Entropy: As illustrated in Figure 7, given a
query and the corresponding result nodes {rj}Tzl, we can
discover the dependence between the face node and result
node. For each face f;, we can record the result node r;
dependent on f;. This dependence is represented as f; ~ r;,
meaning that the labeling of face f; will lead to the update
of result node r;. Then we define the query-driven entropy
of face f; as the expected entropy of query node r; with f;
resolved, denoted as,

He(rjlf) =Y p(fi =0H(jlfi =1) )
1

Then the query-driven entropy of face f; can be estimated
as the uncertainty reduction of result node r; (where f; ~ r;)
with f; resolved, defined as,

HY(fi)y= > H(rj)— H(rj|f) )

Jirorj

Query-Driven Entropy With Constraints: With further obser-
vation, we discover that constraint is an important factor that
can not be omitted, because the identity of one face will
impact the other with constraints. For instance, as illustrated in
Figure 7, “diff” constraints exist between C» and C3, therefore,
if one face in C; is resolved to be true, then faces in C3 will
be false automatically. Thus the query-driven entropy should
be defined considering constraints.

Hi(f) = HI(fi) + p(fi =ture) D HI(fi) (6)

(i,k)ee™

where face f; refers to the faces with “diff” constraints to f;.
This equation means that the query-driven entropy of face
fi should also include the entropy of constraint face fi, if
fi resolved to be true.

Selected Face Cluster: In our scenario, partial clustering
process is performed to cluster faces into initial groups where
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Algorithm 1 Greedy Algorithm for K Questions
input : Unlabeled set S; Parameter K
output: Selected set €2, where || = K

1 Q<0
Q10

2
3 foreach node C; € S do
4
5

Compute H4(C})
B Q.insert(C’i,Hv‘l(Ci))
6 while || < K and |Q| > 0 do
7 Cop < Q-pop()
8 CQ<—{Cj ZC]' EQ/\(CtOp,Cj)EE_}
9 if Cqo = 0 then
10 Q+ QU{Ctop}

1 Scand < Scand \ {Ctop}
12 else

13 L Update H1 (Ctop)

14 Q.insert(Ciop, lfqu(ctop))

15 return §?

faces in the same group are assumed to refer to the same entity,
so we can choose the returned samples in the group level. For
each group, one face is returned to users to represent the whole
cluster. Thus we define the query-driven entropy of a cluster
as H1(Cy) = Zf;eCk H4(f;). Using this criterion, we can
choose the unlabeled cluster C* returned to users for tagging,
denoted as

C* = argmax H4(Cy). @)
keU

3) Select K Questions in a Batch: So far, we have discussed
the criteria to choose samples for feedbacks. However, in the
real applications, it is inefficient to return only 1 question to
users in each iteration. Therefore, next we will explore the
strategy to choose K questions in each iteration, described in
Algorithm 1. At the first thought, the samples ranked in the
top K list can be returned to users. However, with further
consideration, we discover that constraints make this problem
a little more complex. For instance, as illustrated in Figure 7,
suppose that we set K = 2, and C, and C3 rank in the top 2
list, it is not wise to return them together, since the resolve of
C> might lead to the resolve of C3. Therefore, once we choose
C3, the impact of C3 should be updated to (1— p(C2))H4(C3))
(C3 is needed to resolve only C, is false). Based on this
consideration, we propose the greedy algorithm to choose K

questions.

V. EXPERIMENTS AND RESULTS

We conduct experiments on four data collections: Pub-
fig, Gallagher, Wedding and Surveillance. The PubFig [30]
database is a large, real-world face dataset consisting of
58,797 images of 200 people collected from the internet. These
images are taken in completely uncontrolled situations with
non-cooperative subjects. Gallagher and Chen [31] is a public
family album capturing the daily life of a family, containing
three children, their parents and friends, about 37 people with
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a total of 1064 faces in 591 images. The wedding dataset
downloaded from Web Picasa, captures people in a wedding
ceremony, including the bride, the groom, their relatives and
friends, containing 31 people with a total 1433 faces in
643 images. The surveillance dataset contains images that
capture the daily life of faculty and students in the 2nd floor
of a computer science building. There are 45 people appearing
in 1030 images, but with only 70 faces detected due to the low
image quality.

Image Pre-Processing: Before performing experiments,
we extract mid-level semantic features including timestamps,
geo-location (from EXIF data), face detections, and face
attributes. We use Google Picasa [32] to generate face detec-
tions. After resizing each detection to a canonical size, we
extract Local Binary Patterns (LBP) [33] features as well
as attribute features using the online system of [34], which
returns 73 attributes (and associated probabilities) cover-
ing various properties such as “gender”, “age”, “big nose”,
etc. We concatenate our appearance features, apply PCA to
reduce dimensionality, and measure pairwise similarity with
Euclidean distances. We feed this pairwise similarity into an
off-the-shelf clustering algorithm [35] with a very conservative
threshold to generate an “over-clustering” of faces.

A. Results and Analysis

In the experiments, we mainly concentrate on the person-
related “selection” queries. To simulate user behaviors, we
assume that users will specify the target person by labeling
one or several groups of faces, and present queries with
specific conditions (e.g., find images about Jim and young
lady together). Our framework is able to answer the query
in the active learning paradigm. Query answer is returned
to users in a form of ranking list where each result node
is sorted based on the relevance probability p(r;). Average
precision has been widely employed to measure the quality of
information retrieval task due to its good discrimination and
stability. Therefore, we propose to leverage it as the metric to
evaluate the quality of query answer. It is the average of the
precision value obtained for the set of top k samples existing
after each relevant sample is retrieved, and this value is then
averaged over information needs, defined as follows.

m
AP = Z precision(k)Arecall (k) (8)

k=1
where k is the rank in the sequence of returned face list,
m is total result number, precision(k) is the precision at cut-
off k in the list, and Arecall(k) is the change in recall from
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Comparison of different strategies on four benchmark datasets.

items k — 1 to k. We randomly choose queries and perform
the process 100 times to compute mean AP as the criteria.

1) Comparison of Question Generation Strategy: Exper-
iments are performed to evaluate the question generation
strategy discussed in section 4.2. As illustrated in Figure 8, we
compare our approach query-driven entropy with constraints
(entropy+cons(Q-D)) with other methods. Entropy refers to
the traditional criteria suggested in paper [7] and [29] which
selects samples with the highest uncertainty measured by
entropy. Random is a naive approach which chooses sample
randomly. Prob refers to the strategy selecting samples with
the highest relevance probability to the target node. Figure 8
illustrates the comparison between the above strategies on the
four data collections. It demonstrates the tendency of mean
average precision (MAP) against the increase of question
number. From the plots, we can see that our approach allow
quick improvement to the query answer quality (with just a
few tagged face clusters), compared with other strategies. This
is because our strategy targets to answer queries rather than
tagging the whole dataset.

We also plot the comparison between three query-driven
strategies in Figure 9. The method entropy(Q-D) com-
putes query-driven entropy without considering constraints.
Paper [36] proposed to use the number of resolved faces
considering constraints to measure the impact of a cluster
node. Here we leverage it in a query-driven manner, referred
as resolvenum + cons(Q-D). Analyzing the overall results,
we discover that the “entropy+cons(Q-D)” approach can
achieve the best performance because it considers contex-
tual constraints to compute query-related entropy, which can
appropriately estimate the impact of each sample. In contrast,
the method “entropy(Q-D)” does not illustrate very good
performance at the first several iterations due to the lack
of consideration of constraints. The approach “resolvenum +
cons(Q-D)” experiences a significant improvement in the first
several iterations, but with slower process after consuming the
benefit of constraints.

2) Query-Driven VS. Query-Agnostic Approaches: We also
perform experiments to compare query-driven and query-
agnostic (or generic) approaches, from the perspective
of improving query answer quality and face recognition
performance (the goal of traditional face-tagging) respectively.
The query-agnostic version of our model is equivalent to (our
re-implementation of) the GP-based active-learning approach
of Kapoor et al. [7], which is a state-of-the-art baseline
for interactive face labeling. Figure 10 demonstrates their
comparison from the perspective of improving query answer
quality. The results illustrate that query-driven approaches
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have significant superiority compared to query-agnostic
approaches towards quality answer improvement. The
advantage of query-driven setting is that we process data as
needed, and avoid to waste time to process data that will
never be used. Besides, it also aims to choose questions
which can maximally help answering queries.

In the real applications, we assume that many different
users can present different queries, where the previous labeling
results can be accumulated to be leveraged for the following
queries. To simulate this behavior, we perform incremental
query experiments illustrated in Figure 11. For each query,
we assume that users will be satisfied with answers after
9 questions (experiments show that query answer quality
can be significantly improved after a few questions). Then
we simulate another user will continue to present different
queries on the partial-cleaned dataset. We randomly generate
100 query orders to simulate this behavior, and average
the performance. The results demonstrate that query-driven
approach can achieve much better results with the incremental
queries.

We also plot the comparison from the view of face recog-
nition performance in Figure 12. Since the query-driven
approaches are designed to favor the improvement of query
quality, it will sacrifice the face recognition performance in
the entire dataset, to some extent. However, the experiments
show that the query-driven approaches still have relatively
good performance.

3) Select K Questions in Each Iteration: It is inefficient to
ask users only one question in each iteration, therefore, we
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propose to return K questions in each round. An interesting
question is how to choose the size K in each iteration.
To choose the appropriate value for parameter K, we select
different values (from 1 to 30) and plot the tendency of MAP
change. As illustrated in Figure 13, we discover that the larger
values of K lead to the slower improvement of query answer
quality. This is because if we choose a larger value for K, the
classifier cannot be updated promptly, and some unnecessary
questions will be asked. However, a small K value will result
in too many iterations and computation load. Therefore, to
trade off between the two factors, we can set K = 5 in the
application. Figure 14 illustrates the performance comparison
with K = 5.

4) Computational Complexity: The bottleneck of our
approach is Gaussian process (GP) prediction and factor graph
inference. GPs require N> operations to invert a N2 matrix
(where N = number of annotated faces), but this inversion
can be computed offline and reused during interactive tagging.
Our factor graph is sparse. In practice a fixed number of belief
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propagation iterations, each O(N) where N = number of
unlabeled faces, sufficed. Most importantly, our probabilistic
database manager can make use of standard database tech-
niques (blocking, pruning, indexing) to make practical run-
times sublinear. For example, blocking on timestamps can
significantly reduce computational cost for certain queries
(e.g., “find pictures of John from the last week”). In terms
of practical run-times, our system takes roughly 0.5 sec (on
a commodity desktop) to process an interactive user tag and
generate a new question, with 10000 unlabeled faces.

VI. CONCLUSION

In this paper, we have introduced a query-drive paradigm
for face clustering/tagging which can be seamlessly integrated
into image analysis/retrieval process, to address the challenges
of big data. Our goal is to explore query-driven active learning
strategies to achieve accurate query answers with minimum
user participation. In our framework, queries have been rep-
resented by factor graph to facilitate probabilistic reasoning,
where Gaussian process models have been used for probability
inference. We have proposed the criteria considering query-
driven entropy and contextual constraints to select tagged
samples to maximally improve query answer quality. Experi-
ments on real-world datasets have demonstrated the superiority
of the proposed query-driven approaches compared to query-
agnostic methods towards query answer improvement. The
basic idea of this paper is to exploit the semantics of analysis
(query) to prune unnecessary vision processing. It can
be applied to any application requiring interactive real-time
monitoring and analysis of images/visual data - the details and
mechanism might differ, but the fundamental concept is still
applicable. Our future work is to explore such a generalization.
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