
ClusterFace: Joint Clustering and Classi�cation for
Set-Based Face Recognition

Samadhi Wickrama Arachchilage & Ebroul Izquierdo
Queen Mary University of London

Problem Statement

(1) Direct Association

(2) Intermediary Cluster Based Association
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Figure: x1, ..x6 are faces of individual x and y1, ..., y6 are of individual y. c_x
denotes cluster x and c_y denotes cluster y. Dashed lines show direct associations, solid
lines show ClusterFace associations. Top: Direct associations incorrectly conclude that
x1 and y1 (faces of di�erent individuals under similar illumination conditions) are more
similar than y1 and y6 (faces of same individual under di�erent se�ings). Bo�om:
ClusterFace associations begin by merging the closest faces. Gradual and incremental
associations correctly group the samples of same individual in to a single cluster.

When unconstrained faces are mapped into deep features,
variations such as illumination, pose, occlusion, etc., can
create inconsistencies in the resultant feature space.
Hence, deriving conclusions based on direct associations
could lead to degraded performance. This rises the
requirement for a basic feature space analysis prior to face
recognition. This paper devises a joint clustering and
classification scheme which learns deep face associations
in an easy-to-hard way.

Framework overview
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Fig. 2. The dataflow of the ClusterFace face recognition system. The input faces are the test faces including both gallery and probe images. The pre-trained
DCNN model generates feature vectors and the resulting feature space is used to generate a set of salient clusters. The cluster label based constrained matrixes
guide the classification that follows.

Algorithm 1 Salient Clustering For Face image sets
Input: F: [{f1, φ(f1)}, {f2, φ(f2)}, ..., {fn, φ(f3)]}
Output: F where confident positives are merged
Initialize: dist arr = []

termination dist = β − γ

1: pairs ← Generate the set of all face-set pairs.
2: for each pair [f1, f2] in pairs do
3: dist arr ← SIM(f1, f2)
4: Find [f min1, f min2] corresponding to min(dist arr)
5: while min(dist arr) < termination dist do
6: merge cluster ←Merge(f min1, f min2)
7: Delete dist arr elements with f min1 or f min2
8: Delete f min1, f min2 from F
9: for each face f in F do

10: dist arr ← dist(f,merge cluster)
11: F ← merge cluster

B. Constraint Formulation

We formulate two constraints Must Associate (MA) and
Neighbourhood Associate (NA) based on the clustering result,
local smoothness assumption and an additional classification
step. Local smoothness assumption is imposed in two levels.
The label-level smoothness means that if two observations xi
and xj are similar, then their labels yi and yj should be
similar; the constraint-level smoothness tells that given a must-
associate between x1 and x2, if x3 is close to x2, then it is
assumed that there is also a must-associate between x1 and
x3 [27].

1) Must Associate Constraint: MA constraint states that
faces within the same salient cluster are of the same individual.

The MA matrix is calculated as follows.

MAi,j =

{
cx, if i, jεCx
NILL, otherwise

(3)

where cx is the cluster label of cluster Cx.

The cluster labels are assigned based on the label-level local
smoothness assumption. In particular, all elements within a
single salient cluster are identified by a single identity label
which is the highest occurring identity. Hence the label of
a cluster Cx is given by MODE{xi} where xi denotes the
identity label of cluster element i.

2) Neighbourhood Associate Constraint: NA is based on
the constraint-level local smoothness assumption and k-nearest
neighbour search. Given a face i, its nearest neighbours
{n1, n2, n3, ..., nk} are selected such that SIM(i, n1) <
SIM(i, n2), ..., < SIM(i, nk) and subjected to the regularity
constraint SIM(i, nx) < β. The NA matrix is calculated as
follows.

NAi,j =

{
cx, if iεCx AND N{j, Cx} = TRUE

NILL, otherwise
(4)

where cx is the cluster label of cluster Cx and N{j, Cx} is
the neighbourhood constraint between a face j and a cluster
Cx computed as follows.

N{j, Cx} = len[(n1, n2, ..., nk)εCx]

< len[(n1, n2, ..., nk)εCy]

for any cluster Cy where y! = x

(5)

where n1, n2, ..., nk are the k-nearest neighbours of j and
[(n1, n2, ..., nk)εCx] is the sub-set of the k-neighbours that are
also elements of cluster Cx.

Clustering based constraint formulation
I Hierarchical clustering preserves high reliability in

early iterations .

I A reliable clustering result provides insights on the
distribution of the feature space.

I MA: Must Associate constraints based on the
clustering result.

I NA: neighbourhood associate constraints based on
clustering and MA results.

Performance Evaluation

System YTC Accuracy (%)

SANP 65.60

MMDML 78.5

DRM-PWV 72.55

Fast FR 72.1

GJRNP 81.3

Direct Associations 90.71

ClusterFace Associations 91.06

IJB-A verification (TAR)

System FAR=0.001 FAR=0.01 FAR=0.1

Triplet Emb 81.3 91 96.4

FastSearch 51.0 72.9 89.3

Joint Bayesian - 83.8 96.7

PAM 65.2 82.6 -

NAN 88.1 94.1 97.8

Template 83.6 93.9 97.9

DR GAN 53.9 77.4 -

Direct Associations 84.95 93.76 98.13

ClusterFace Associations 86.60 94.23 98.30

IJB-A closed-set face recognition

System Rank-1 Rank-5 Rank-10

Triplet Emb 93.2 - 97.7

FastSearch 82.2 93.1 -

Joint Bayesian 90.3 96.5 97.7

PAM 84 92.5 94.6

NAN 95.8 98.0 98.6

Template 92.8 97.7 98.6

DR GAN 85.5 94.7 -

Direct Associations 94.23 97.05 97.71

ClusterFace Associations 94.28 97.05 97.72

Discussion
I ClusterFace based associations outperform direct

associations in all experiments.

I ClusterFace is e�ective on face recognition based tasks
such as face verification, identification and rank-order
retrieval.

I ClusterFace achieves highly competitive results
compared to state-of-the-art.
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