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Abstract

In this paper, a novel video data (more specifically facial images) fast labeling
method, that aims in the acceleration of a state of the art facial identity label
propagation technique is presented. Our method assumes that facial images
are derived by applying facial image tracking on stereoscopic videos and thus
are temporally ordered. The proposed method utilizes a pruned similarity
matrix so that the facial label inference is conducted using fewer entries in
this matrix, namely the pairwise similarities of the facial images that exist in
the main and the N upper and lower off-diagonals. The proposed method can
also incorporate pairwise facial image similarity and dissimilarity constraints
into the objective function of the label propagation. Experiments which have
been conducted on facial image labeling in three stereoscopic movies, confirm
the increased labeling accuracy and the reduced computational cost of the
proposed method.
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1. Introduction

The volume of images and videos captured, stored, transmitted and shared
(through e.g. Facebook, Instagram and YouTube) increases with tremendous
rates nowadays. Semantic annotation (tagging) of such data with respect
to objects, persons, actions, etc depicted in them is thus becoming a real
necessity. Such an annotation can facilitate their search, organization, re-
trieval and browsing. Obviously, annotation of videos is far more challenging
and cumbersome compared to the annotation of images, due to the larger
volume of information contained in them. Fully manual per-frame anno-
tation/tagging of videos is essentially impractical even for small collections.
Supervised or semi-supervised learning /classification approaches can greatly
facilitate the video annotation task and a great progress has been achieved in
both areas during the recent past. Deep learning has lately dominating the
interest of researchers in this area due to the superior performance achieved
by the related algorithms [1, 2, 3]. However, end-to-end deep learning ap-
proaches (i.e., approaches that perform both feature extraction and classi-
fication in a deep learning fashion) require a very large number of training
examples which might not be available in certain applications. In such cases,
”shallow” learning/classification methodologies are perhaps the only feasi-
ble approaches. Label propagation techniques, which spread labels from a
small labeled dataset (e.g. a dataset of facial images) to a large unlabeled
one, based on their similarity according to some set of selected features, is a
promising and widely used approach that falls within the general category of
semi-supervised learning. It should be noted however that label propagation
can be combined with deep learning in the sense that the features involved
in similarity calculation could very well be deep features evaluated from a
pre-trained model such as those in [4] in the case of face recognition task.

A fast person identity label propagation method applicable to facial im-
ages derived from stereoscopic videos is proposed in this paper. The method
incorporates a pruned similarity matrix so as to reduce computational com-
plexity as well as pairwise constraints, towards increasing the labeling accu-
racy.

A multitude of label propagation approaches have been proposed in the
literature. A detailed but rather old survey on semi-supervised learning can
be found in [5]. Label propagation can be formally described using graphs
whose nodes and edges represent the data (e.g. facial images) representa-
tions and their pairwise similarities, respectively [6]. Then, the label infer-
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ence is an information diffusion process from labeled nodes to unlabeled ones
through the graph paths. A recent review of graph-based label propagation
approaches in digital media can be found in [7]. In iterative label propaga-
tion methods, label diffusion is performed gradually on the unlabeled data,
according to an update rule [5]. A method for label propagation on sim-
ilarity graphs can be found in [8]. The proposed algorithm, called Linear
Neighborhood Propagation (LNP), can discover the structure of the whole
dataset through synthesizing the linear neighborhood around each data ob-
ject. Moreover, in [9] the learning problem is formulated through a Gaussian
random field on the graph, where the mean of the field model is character-
ized in terms of harmonic functions, and is efficiently obtained using matrix
methods or belief propagation. Another popular label propagation method is
the local and global consistency method [10] which is a principled approach
to semi-supervised learning that presents a classification function that is suf-
ficiently smooth with respect to the intrinsic structure collectively revealed
by known labeled and unlabeled points. Its Multiple-graph Locality Preserv-
ing Projections - Cluster-based Label Propagation (MLPP-CLP) variant is
described in [11].

In [12] the authors discuss the problem of robust visual representation
and label prediction proposing a new Discriminative Sparse Flexible Manifold
Embedding model with a novel graph weight construction method by inte-
grating class information and considering a certain kind of similarity/dissimilarity
of samples so that the true neighborhoods can be discovered. In [13] a
novel adaptive label propagation approach with joint discriminative clus-
tering on manifolds for representing and classifying high-dimensional data
is proposed. The method is capable of propagating label information using
adaptive weights over low-dimensional manifold features incorporating the
adaptive graph weight construction with label propagation. Essentially, the
method combines unsupervised manifold learning, discriminative clustering
and adaptive classification into a unified model. In [14] the authors propose a
technique to encode the neighborhood reconstruction error more accurately
and reliably using the nuclear norm that has been proved to be more ro-
bust to noise and more suitable to model the reconstruction error in label
prediction. In [15] the authors propose the Transductive Classification Ro-
bust Linear Neighborhood Propagation (R-LNP) method that encodes the
neighborhood reconstruction error more accurately by applying the L2,1-
norm. The authors also use a weighted L2,1-norm regularization on the
fitness error to achieve robustness to noise and more discriminatory power.

3



[16] proposes a new transductive label propagation method, called Adaptive
Neighborhood Propagation that combines sparse coding and neighborhood
propagation into a single framework. A procedure to construct the so-called
directed l1-graph, in which vertices involve all the samples and the ingoing
edge weights to each vertex describe its l1-norm driven reconstruction from
the other samples and the noise is proposed in [17]. The graph can be used
in various machine learning tasks, including label propagation. In [18] four
strategies for graph construction that are based on adaptive sparse sample re-
construction and use the data self-representativeness property are proposed.
The methods avoid l1 coding and rely on collaborative representation adopt-
ing locality-constrained linear coding (LLC) [19]. The [20] introduces a data-
driven graph construction method that exploits and extends the Local Hybrid
Coding (LHC) scheme [21] which blends sparsity and bases-locality criteria in
a unified optimization problem and can retain the strengths of both sparsity
and locality. The proposed approach has been successfully used in the task
of graph-based label propagation. In [22] a framework that can make any
graph construction method incremental, i.e. add new samples (labeled or un-
labeled) to a previously constructed graph, is proposed. As a case study the
authors apply their algorithm to the Two Phase Weighted Regularized Least
Square (TPWRLS) graph construction method [23]. In [24] the authors use
as a starting point the Adsorption algorithm [25] and modify it, while reatin-
ing its desirable properties, to come up with the Modified Adsorption (MAD)
method. The learning problem is formulated as an optimization problem and
efficient iterative methods are developed to solve it. MAD can also be easily
extended to handle data with non-mutually exclusive labels. The recently
proposed OMNI-Prop method [26] performs label propagation on the graph
by assigning each node with the prior belief and subsequently updating it by
using the evidence from its neighbors and considering the shape of the prob-
ability distribution. The method can tackle arbitrary label correlations (e.g.
homophily and heterophily) and was shown to achive better performance
than classic label propagation approaches. Moreover, in [27], the authors
are mainly focusing on how to incorporate the classification confidence in or-
der to enhance accuracy and how to handle both homophily and heterophily
networks in an unified framework with data characterized by arbitrary la-
bel correlations. The proposed algorithm is called Condence-Aware Modu-
lated Label Propagation (CAMLP). Finally, the Multi-view Learning with
Adaptive Neighbours (MLAN) method proposed in [28] comprises a novel
multi-view learning model which performs semi-supervised classification and
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local structure learning simultaneously and can allocate ideal weights for each
view automatically without additional weight and penalty parameters, while
avoiding to include noise and outlying entries that result in unreliable and
inaccurate graphs.

The main aim of the proposed video label propagation method is the
speedup of the state of the art MLPP-CLP label propagation method [11]
through an approximate label propagation approach using a pruned facial
image similarity matrix. A number of approaches have been proposed for
decreasing the computational complexity of label propagation. Indeed, since
the number of the facial images is sometimes very large, the resulting facial
image similarity matrix might be too large and expensive to compute. Thus,
approximate methods reduce the similarity matrices dimensions,[29, 30, 31].
Another approach is to remove the weakest facial image similarity entries
from the similarity matrix while retaining only similarities within a facial
image neighborhood [32, 33, 34].

The proposed label propagation technique reduces the computational
complexity by utilizing a sub-sampled (pruned) similarity matrix resulting
from the respective pruned similarity graph. More specifically, instead of
the full facial image similarity matrix, only its main diagonal and some off-
diagonal entries, are used, by exploiting the temporal ordering of facial im-
ages, that results from the fact that they are derived from temporally ordered
video frames. Indeed, the facial images used as input in the algorithm are
extracted by performing face detection and tracking in the two views of a
stereo video [11], resulting in the so called facial image trajectories. The
facial image trajectories consist of the temporally ordered regions of inter-
est (ROIs) representing detected rectangular facial images/regions of size
Nx×Ny pixels. Thus, the fact that only image similarities residing in a band
around the main diagonal of the similarity matrix are calculated, implies that
we take into account only similarities between temporally nearest neighbors.
The rationale behind considering only similarities between facial images that
are temporally close within a video (and assuming that similarities between
temporally distant images are zero) lies in the way people usually appear in
videos, in particular actors in a movie. Since a movie is temporally organized
in scenes, each of which presents some sort of action taking place in a single
location and being continuous in time, it is highly possible to have actors
appearing in multiple, closely spaced in time, instances. Such an example is
a dialogue scene where the camera alternates between the two dialogue par-
ticipants. Thus by labeling a few instances of an actor and keeping only the
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similarities between temporally close facial images one can expect to be able
to successfully propagate labels. Even if we ignore (set to zero) similarities
between facial images being far apart in terms of time, we can still expect
that the label information will find paths through the graph to reach distant
samples. This is particularly true for actors in leading roles which appear
frequently and usually in a uniformly distributed (over time) way throughout
a movie.

The second aim of the paper is enhancing labeling accuracy, by incorpo-
rating pairwise facial image similarity and dissimilarity constraints into the
objective function of the label propagation. The idea of incorporating pair-
wise constraints into graph label propagation is also addressed in a number of
papers. [35] presents a graph-based learning approach to pairwise constraint
propagation on multi-view data. The authors decompose the inter-view
(across views) constraint propagation problem into semi-supervised learning
subproblems so that they can be solved using graph-based label propagation.
The [36] proposes a novel way to generate constraints from the propagated
labels in constrained clustering style algorithms or in label propagation al-
gorithms. In [37] a new graph based constrained semi-supervised learning
(G-CSSL) framework is proposed, using pairwise constraints to specify the
types (intra- or inter-class) of points with labels. The core idea is to create
and enrich the pairwise constraints sets using the propagated soft labels from
the labeled and unlabeled data by special label propagation, thus obtaining
more supervised information.

The proposed approach utilizes positive (similarity) constraints of the
form ’facial images i, j belong to the same actor’ and negative (dissimilar-
ity) constraints of the form ’facial images i j do not belong to the same
actor’ [11]. The incorporation of such pairwise similarity and dissimilarity
constraints into the objective function of the label propagation leads to an
increased face recognition accuracy as proven in the experiments. Note that
MLPP-CLP already incorporates such constraints. However, MLPP-CLP
uses these constraints in the Locality Preserving Projections that it incorpo-
rates in order to achieve dimensionality reduction, whereas in our case these
constraints are additionally incorporated in the label propagation objective
function. This is another important contribution of this paper.

Essentially, the paper proposes three different approaches:

• a fast but still well performing (in terms of classification accuracy)
version of MLPP-CLP that involves a pruned similarity matrix (PB-
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MLPP-CLP)

• an improved, in terms of classification accuracy, variant of MLPP-CLP
that incorporates similarity and dissimilarity constraints in the objec-
tive function (CMLPP-CLP) and

• a combination of the above schemes i.e. a fast and , in most cases,
better performing version of MLPP-CLP that incorporates a pruned
similarity matrix and pairwise constraints in the objective function
(PCB-MLPP-CLP).

It should be noted here that the proposed methods can be used to perform
label propagation not only on facial images but also on other types of image
data derived from videos, such as images of objects. However, these im-
ages should be temporally ordered, for example result from a video tracking
procedure which will induce temporal ordering, since the utilized similarity
matrix pruning approach is based on such an ordering.

The rest of this paper is organized as follows: Section 2 provides an
overview on the state of the art MLPP-CLP label propagation method [11].
Section 3 describes the details of the proposed method that implements the
pruned label propagation on facial images incorporating the pairwise similar-
ity and dissimilarity constraints. In Section 4, we present the facial images
datasets and the experiments which have been conducted to measure the fa-
cial recognition accuracy and the reduced computational complexity. Finally,
conclusions are presented in Section 5.

2. MLPP-CLP facial image label propagation

A very short description of the MLPP-CLP approach is presented in this
section. The full algorithm can be found in [11],[6].

Assume a set of labeled facial images XL = {xi}mli=1 which have been as-

signed labels (actor names) from the set L = {lj}Qj=1 and a set of unlabeled fa-

cial imagesXU = {xi}mui=1. Their union is given byX = {x1, ...,xml ,xml+1, ...,xM},M =
ml +mu [7]. The objective of label propagation is to spread the facial image
labels in L from the set of the labeled images XL to the set of the unlabeled
images XU , while maintaining local and global labeling consistency [10]. The
initial information about the labeled data is described by the M ×Q matrix

7



Y, defined as:

Yij =

{
1, if image i is labeled as yi = j
0, otherwise.

(1)

The algorithm begins with the construction of a symmetric facial image simi-
larity matrix W ∈ RM×M , as described in [6], which represents the k-nearest
neighbor (k-NN) facial image similarity graph. This matrix will be called
from now onwards full similarity matrix. In our case, the rows/columns of
the matrix correspond to the temporally ordered facial images, i.e. the facial
images in the sequence they appear in the video. The element Wij of this ma-
trix denotes the similarity between the i-th and the j-th facial image. More
specifically, the edge in the graph that connects the nodes (facial images)
i and j is assigned with a value Wij that indicates the similarity between
these two nodes. This similarity is computed according to the heat kernel
equation:

Wij =

 e−
‖xi−xj‖2

2σ2 , i 6= j,xi,xj are k-NN
0, otherwise

(2)

where σ is the mean distance among neighbors and xi is the feature vec-
tor used to represent node/image i. The main diagonal Wii, i = 1, . . . ,M of
the similarity matrix consists of the similarities of facial images with them-
selves which is set equal to zero because there is no point to conduct label
propagation from a facial image to itself. The construction of such a matrix
has computational complexity and memory requirements of the order O(M2)
even if a k nearest neighbor matrix [11] is computed.

Then, vectors fi ∈ R1×Q, i = 1, ...,M that assign a score for every possible
actor label to facial image i, thus defining the matrix F = [fT1 , ..., f

T
M ]T ∈

RM×Q, are calculated. More specifically, F is calculated by minimizing [6]:

Q(F) =
1

2
tr(FTLF) + µtr((F−Y)T (F−Y)), (3)

where L = D−1/2(D −W)D−1/2 is the normalized facial image similarity
graph Laplacian, D is the diagonal matrix having entries Dii =

∑
jWij and

µ is a regularization parameter. This minimization problem leads to the
following solution:

F = (1− a)(I− aS)−1Y, (4)
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where a = 1
1+µ

and:

S = D−1/2WD−1/2, (5)

The final facial image label (actor name) is assigned to facial image i
according to the following decision rule:

yi = arg max
j∈1,...,Q

[fi1, . . . , fij, . . . , fiQ]. (6)

The regularization framework (3) can be easily extended to the case of
label propagation on multiview facial images. In this case, multiple graphs
are constructed for the data, one for each one of the K facial image rep-
resentations (i.e., views, for example two views, K = 2, for stereoscopic
images). Each graph is represented by the corresponding similarity matrix
Wk, k = 1, ..., K. In this case, the regularization framework (3) takes the
form:

Q(F, τ ) =
1

2

K∑
k=1

τktr(F
TLkF) + µtr((F−Y)T (F−Y)), (7)

subject to the constraint:
K∑
k=1

τk = 1, (8)

that leads to the following optimal solution for F:

F = (1− a)

(
I− a

∑
k

τkSk

)−1
Y. (9)

where τk, k = 1,...,K is the weight that corresponds to the k -th data repre-
sentation and Sk = D−1/2WkD

−1/2.
A method for computing the weights τk called Multi-graph Locality Pre-

serving Projections (MLPP) was introduced in [11], being a variant of the
Locality Preserving Projections (LPP) method [38]. It performs dimension-
ality reduction [39] of data with multiple representations by constructing a
single projection matrix A for all data representations, while preserving the
data locality information in all representations and ensuring additional pair-
wise similarity and dissimilarity constraints on the data [40]. The weights
τk of each data representation to the construction of the projection matrix
A are the optimal weights for the label propagation cost function (7), given

9



that the data feature extraction was performed according to MLPP. Once
MLPP projection is performed, normalized graph Laplacians Lk in (7) refer
to the projected data. More details about the method can be found in [11].

3. Pruned Constrained Label Propagation

3.1. Pruned Label Propagation

The proposed novel label propagation facial image technique employs a
pruned facial image similarity matrix W, instead of a full (k-NN) matrix.
Despite the fact that the proposed technique is a well known method in math-
ematics (utilizing the band matrix for accelerating the solution of a linear
system), the temporal order of the facial images in the facial image trajecto-
ries which are derived from face detection and especially from face tracking in
consecutive frames, is exploited here. More specifically, the rows/columns of
the matrix correspond to the temporally ordered facial images, i.e. the facial
images in the sequence they appear in the video, as we had already men-
tioned. We assume that all images in a facial image trajectory correspond to
the same person and thus for the label propagation we use only a few images
of each trajectory (more details on image selection method used are provided
in Section 4). Using more than one images per trajectory, instead of one, al-
lows to take into account the temporal variations of facial appearances. The
similarities of these images (in the main diagonal) and the temporally nearest
neighbours (in off-diagonals) are stored in the band of the similarity matrix.
The remaining images in each facial image trajectory adopt the label as-
signed to the obtained few images of the trajectory by the label propagation
procedure. Thus, the proposed method, called Pruned Band MLPP-CLP
(PB-MLPP-CLP), is accomplished using the following approach:

3.1.1. Band similarity matrix

The main diagonal Wii, i = 1, . . . ,M of the similarity matrix consists
of the similarities of facial images with themselves and is set zero because
there is no point to conduct label propagation from a facial image to itself.
Around these diagonal elements, we calculate only the entries of the N upper
and lower diagonals that contain the similarities of the temporally nearest
neighbouring facial images as it is shown in the Figure 1. The similarity
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matrix is computed according to the Gaussian heat kernel equation:

Wij =

 e−
‖xi−xj‖2

2σ2 , i 6= j,xi,xj are k-NN and
∈ N upper/lower diagonals

0, otherwise

(10)

where xi,xj ∈ <M are the feature vectors of the i-th and j-th facial images
and σ is a diffusion parameter. Obviously, Wij = Wji. Furthermore, for a
band similarity matrix of the form (10), S (5) is a band matrix as well. In
case of data with multiple representations (i.e. stereo data) where multiple
similarity matrices exist (see previous section) the above procedure is applied
in each matrix separately.

The experiments have shown that the classification accuracy using either
the full (namely the k-NN similarity matrix) or the band similarity matrix
for label propagation is approximately the same. Figure 2, illustrates a full
(namely 10-NN) and a band similarity matrix.
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0

0
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0
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N

Figure 1: (2N + 1)-band Similarity matrix

3.2. Computational Complexity Study

The construction of a band similarity matrix has computational com-
plexity O(2NM) ' O(NM), which is much less than the computational
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complexity O(M2) of constructing a full M ×M k nearest neighbors (NN)
similarity matrix, since N � M . The creation of the matrix S according to
(5) has complexity O(M2) due to multiplication of the full matrix (W) with
diagonal matrices (D−1/2).
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Figure 2: (a) Full (10-NN) Similarity Matrix, (b) Band (N=600) Similarity Matrix

Moreover, the label propagation solution (4) employing matrix (I−aS) in-
version has complexity O(M3) [41, 42] and multiplication with the matrix Y
has complexity O(M2Q). Solution (4) by inverting a band matrix using con-
nectivity of Schur’s complements [43], has complexity O(M2N) + O(M2Q).
The first complexity term refers to the inversion of the matrix (I−aS) whereas
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the second one refers to the multiplication with matrix Y.
Thus, we can conclude that the computational complexity of the proposed

approach including the label propagation procedure is O(M2+M2N+M2Q+
NM) ' O(M2) which is much smaller than the full similarity matrix time
complexity O(M2 +M3 +M2Q+M2) ' O(M3).

3.3. Constrained Label Propagation

Typically, label propagation techniques assume that facial images (or
samples in general), which are similar to each other according to a similarity
measure, should be assigned the same label.

In order to increase the facial image recognition accuracy using label
propagation, information in the form of pairwise image similarity and dis-
similarity constraints can be incorporated. In other words, data that satisfy
similarity constraints should be assigned the same label and data that satisfy
dissimilarity constraints should be assigned different labels [44]. Let S be the
set of similar facial image pairs:

S = {(i, j)|xi,xj must have the same label} (11)

In our case, S contains the facial images that belong to the same facial image
trajectory and most probably correspond to the same actor. Also let D be
the set of dissimilar pairs:

D = {(i, j)|xi,xj must have different labels} (12)

In this paper, facial image pairs that appear on the same frame (and thus
most probably belong to different actors) are included in D.

Two weight matrices Ws, Wd can be constructed as follows:

Ws,ij =

{
1, if (i, j) ∈ S
0, otherwise,

(13)

Wd,ij =

{
1, if (i, j) ∈ D
0, otherwise.

(14)

The pairwise constraints can be diffused to neighboring nodes as follows.
Let Ni be the neighborhood of the node i, based e.g., on thresholding the
Euclidean distance between two nodes ‖xi − xj‖ < e and P ∈ <M×M be the
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sparse neighborhood probability matrix:

Pij =

{ 1
|Ni| if j ∈ Ni

0, otherwise,
(15)

where |Ni| is the cardinality of the set Ni. Pairwise similarity and dissimilar-
ity information is propagated to neighboring nodes according to the iterative
procedure:

F(t)
s = αPF

(t−1)
S + (1− α)Ws, (16)

F
(t)
d = αPF

(t−1)
D + (1− α)Wd, (17)

where the parameter α, 0 ≤ α ≤ 1, controls the percentage of information
which the node will receive from its neighbors and from the initial state.
Iterative equations (16), (17) converge to the steady state solution [45]:

Fs = (1− α)(I− αP)−1Ws (18)

Fd = (1− α)(I− αP)−1Wd. (19)

As already stated, the incorporation of the pairwise similarity and dissim-
ilarity constraints into label propagation aims at enhancing face recognition
accuracy. This is obtained by the following procedure. First, the pairwise
dissimilarity constraints between facial images that appear in the same video
frame are taken into account by constructing the new weight matrix Wd

as in (14). Respectively, the pairwise similarity constraints between the fa-
cial images that appear in the same facial image trajectory are taken into
account by constructing the new weight matrix Ws as in (13). Then, the
MLPP method, briefly described in Section 2, is carried out, in order to
perform data dimensionality reduction by preserving the pairwise similarity
and dissimilarity information. Then, label propagation is performed on the
data projections, by incorporating the pairwise similarity and dissimilarity
constraints to the objective function of label propagation, as follows:

Q(F) =
1

2
tr(FT

(
K∑
k=1

τkLk + βLs − γLd

)
F)+

µtr((F−Y)T (F−Y)) (20)

where Lk = Dk −Wk is the graph Laplacian for the k -th data represen-
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tation and Ls = Ds − Fs, Ld = Dd − Fd are the graph Laplacians of the
pairwise similarity and dissimilarity constrains, respectively. Lk varies ac-
cording to the data representation, while Ls, Ld are constant for all rep-
resentations. Finally, Ds,Dd and Dk are the diagonal degree matrices with
entries Ds,ii =

∑M
j=1 Fs,ij, Dd,ii =

∑M
j=1 Fd,ij and Dk,ii =

∑M
j=1Wk,ij. The pa-

rameters β, γ are chosen in such a way that the matrix
∑K

k=1 τkLk+βLs−γLd

is positive definite. Minimization of equation (20) leads to the following label
propagation solution:

F = µ

(
αI +

K∑
k=1

τkLk + βLs − γLd

)−1
Y. (21)

This is the so-called CMLPP-CLP label propagation method. The merging
of the constrained label propagation method with the pruning on the simi-
larity matrix, i.e. the pruned label propagation (PB-MLPP-CLP), results to
the proposed Pruned Constrained Band MLPP-CLP method using a band
similarity matrix which will be called PCB-MLPP-CLP.

4. Experiments

4.1. Dataset and Method Application

Experimental evaluation of the proposed technique was performed on fa-
cial image label propagation in three stereoscopic Hollywood movies having
a total duration of more than 6 hours and 528,348 frames in total. Person
identity (label) propagation was performed on the facial images that appear
in the two (left, right) video channels of these movies. Similar to [11] the
input consisted of the pixel values of the facial image regions, after scaling
them to the same dimensions of 41× 31 pixels and converting them to a 1-D
vector of 1271 dimensions. Dimensionality reduction according to MLPP was
applied to these images in each channel separately. Thus, data dimension-
ality is reduced from 1271 to 75 dimensions. This is the dimension of xi in
(10). Then, label propagation is performed. For label propagation initial-
ization, K-means clustering was used and only 5% of the facial images were
manually labeled. As we have two (K = 2) different data representations on
stereo video, namely the left and right stereo channels, late fusion [11] of the
two data representations was performed. Both similarity and dissimilarity
constraints were incorporated in the objective function of label propagation.
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The band similarity matrix was computed according to (10). Since the to-
tal number of the extracted facial images using the face detector [46] and
the single channel face tracker [47] is very large, experiments have been con-
ducted with a small dataset of facial images from every movie. In total,
13850 images were selected from the three movies, which represent 5.85% of
the detected/tracked facial images.

More precisely, if a facial image trajectory that results from face tracking
contains less than 20 facial images then only the first facial image of the
trajectory was selected. If the facial image trajectory contains more than 20
facial images, then every 10 facial images of the trajectory one facial image
was selected for annotation (i.e., the 1st, 10th, 20th, etc.). The case where the
different facial images that are contained in the same facial image trajectory
are assigned different labels, practically does not exist due to the fact that
these images will be placed in the similarity matrix in temporal order and
thus will be neighboring ones. The propagation of similarity constraints to
neighboring nodes (facial images) according to (18), will ensure that these
images are assigned the same label.

Details about the dataset such as the number of actors classes, the number
of facial images and the number of images which were initially labeled are
given in Table 1.

Table 1: Dataset description

Actors (classes) Dataset size
Number of initially
labeled images

Movie 1 27 5398 270
Movie 2 45 3498 175
Movie 3 59 4954 248
total 131 13850 693

4.2. Pruned Label Propagation Performance (without constraints)

In this section, we examine the effect of similarity matrix pruning on label
propagation (PB-MLPP-CLP), measured by the obtained face recognition
accuracy. It should be stressed that the constraints described in Section 3.3
are not included in the version of the proposed algorithm tested here (see
Section 4.5 for the experimental evaluation of the pruned label propagation
including constraints).
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Figure 3 displays face recognition accuracy versus the percentage of the
retained entries of the full (k-NN) similarity matrix αp = 2NM

M2 = 2N
M

%, where
2N denotes the width of the band of similarity matrix and M is the number
of the facial images involved to the experiment (M×M being the dimensions
of the similarity matrix). The horizontal lines show the classification accu-
racy of the full similarity matrix MLPP-CLP [11] method, which obviously
does not depend on ap. It should be noted here that the performance figures
presented for MLPP-CLP in this figure as well as in the experiments pre-
sented in Sections 4.3 and 4.5 (e.g. in Table 2, Figure 8) are different from
those presented in [11] because a different (better) initialization has been
used. Figure 3 shows that the classification accuracy of the PB-MLPP-CLP
pruned label propagation (without the constraints in Section 3.3) in one of
the three movies (Movie 3) outperforms the classical MLPP-CLP method for
most values of ap most probably due to the fact that the similarity matrix
pruning removes noise (semantically-unrelated facial images) from the graph
which represent the similarity matrix. For the other two movies the proposed
approach has equal (Movie 2) or very similar but inferior performance (Movie
1) to the MLPP-CLP method, for certain values of ap. Moreover, we can no-
tice that the classification accuracy for one movie (Movie 1), is increased
as the percentage ap increases. However, in Movies 2, 3, the classification
accuracy decreases after a value of the ap (namely ap = 0.15 in Movie 2 and
ap = 0.2 in Movie 3). This can be attributed to the similarity matrix entries
introduction which offers additional useful information until a point (value
of ap). After this point, the additional entries correspond to noise and as a
result, the classification accuracy is decreased.
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Figure 3: Face classification accuracy vs Approximation Percentage of retained similarity
matrix entries.

Regarding computational complexity, let Tf , Tp be the execution time for
the calculation of the full (k-NN) and the band similarity matrix, respectively.

Figure 4 shows plots of the ratio r1 =
Tf
Tp

versus the percentage of the retained

entries around the main diagonal (ap) for the three movies. As the ratio r1 is
always bigger than one, pruning accelerates similarity matrix construction.
Moreover, r1 decreases towards 1 as ap increases which is expected since as ap
tends to 1, the pruned similarity matrix tends to the full matrix. As can be
observed in this figure the computational savings for ap values that provide
the best classification accuracy results, e.g. ap = 0.15, 0.2 are significant
(almost 6.94 and 5.36 times faster respectively). The plots follow very well the

theoretical relation between r1 and ap, which is r1 =
Tf
Tp

= M2

2MN
= M

2N
= 1

ap
.

Moreover, let TLPf , TLPp be the execution time of the label propagation
procedure involving the full and the pruned similarity matrix as described

in (4). Figure 5 shows the ratio r2 =
TLPf+Tf

TLPp+Tp
, of the total execution times

TLPf + Tf and TLPp + Tp versus the percentage of retained entries ap. One
can notice that the matrix construction and label propagation execution time
is considerably smaller for the proposed pruning method. Indeed, in terms
of computation time required for the entire label propagation procedure,
including the construction time of the similarity matrix (5), the proposed

18



method is for example almost 4.07 and 3.84 times faster in Movie 3 than
the full (k-NN) similarity matrix approach (MLPP-CLP) for values of ap =
0.15, 0.2 in which the best recognition accuracy is presented. Moreover, it can
be noticed that r2 decreases as the percentage ap is increased and tends to
the value one. The ratio r2 is slightly different between the movies due to the
different number of manually assigned facial image labels in the algorithm
initialization, which comprises the 5% of the detected/tracked facial images.
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Figure 4: Ratio of similarity matrix construction time between method [11] and proposed
pruning method versus the percentage ap of the retained image similarity entries
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Figure 5: Ratio of similarity matrix construction time and label propagation execution
time between method [11] and proposed pruning method versus the percentage ap of the
retained image similarity entries

The above experimental results show that face classification accuracy is
not always increasing when one increases ap but rather indicate that the be-
havior of the algorithm varies between videos. Thus, an easy and convenient
conclusion of the form ”the more entries you retain the larger the complexity
and the face classification accuracy of the algorithm” cannot be reached. As
a result, the choice of ap shall be performed experimentally on each video,
based on the label propagation computational complexity one can afford, in
conjunction with the face classification errors he/she can tolerate. However,
as a rule of thumb, ap values in the range of 0.1− 0.2 work well in terms of
both aspects (good classification, significant decrease of complexity).

4.3. Constrained Label Propagation Performance (without pruning)

In this section, we examine the effect of incorporating similarity and dis-
similarity constraints in the objective function of label propagation proce-
dure. More specifically, experimental results of the Constrained MLPP-CLP
(CMLPP-CLP) without pruning, on the three stereo movies, when 5% of
the facial images are manually labeled for initialization are shown in Table
2 in comparison to those of MLPP-CLP. Similarity constraints involve facial
images in the same facial trajectory. All pairs of such images are included in
set S in (11) since we assume that they depict the same person. Dissimilarity
constraints involve facial images in the same frame. All pairs of such images
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are included in set D in (12) since they obviously depict different person.
We notice that incorporation of the pairwise constraints into the objective
function of label propagation increases the classification accuracy on average
by approximately 4.605%.

In addition, the performance of the proposed CMLPP-CLP method has
been compared with that of other recent and older label propagation tech-
niques on the three stereoscopic movies. The results are also presented in
Table 2. Performance evaluation of these methods had been conducted by
providing them with the same initial labelled images used by our algorithm.
In order to be able to operate on the stereoscopic videos, the methods in-
volved in the comparison were fed (for each movie) with a facial images
similarity matrix that was calculated by fusing the similarity matrices from
the two video channels (left and right) using the formula W =

∑
k τkWk

where τk are the weights evaluated by MLPP (see Section 2). For the per-
formance evaluation of the MLAN method described in [28], we fed to the
algorithm four sets of visual features from each facial image: colour moment
(CM, 420 dimensions), GIST features (512 dimensions), HOG 3x3 features
(420 dimensions), and local binary patterns (LBP, 1239 dimensions). As can
be seen in this Table, the proposed CMLPP-CLP approach outperforms all
other label propagation techniques.

Label Propagation Methods Movie1 Movie2 Movie3
[9] 0.7541 0.5668 0.6364
LGC [10] 0.7310 0.5488 0.6356
LPP [38] 0.7426 0.5605 0.6150
NPE [48] 0.7564 0.5746 0.6314
OLPP [49] 0.6840 0.4868 0.6306
PCLPP [50] 0.7571 0.5977 0.6254
MAD [24] 0.7462 0.5631 0.6467
GoLPP [51] 0.6926 0.5952 0.5891
OMNI-Prop [26] 0.7502 0.5520 0.6501
CAMLP [27] 0.7308 0.5483 0.6322
MLAN [28] 0.5911 0.4380 0.4750
MLPP-CLP [11] 0.7859 0.6395 0.6200
CMLPP-CLP [proposed] 0.8012 0.6722 0.7101

Table 2: Comparison of CMLPP-CLP with other label propagation methods.
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4.4. Choice of ”constraints vs labels” Strategy
In an incremental semi-automatic label propagation task, the classifica-

tion accuracy obtained, when a certain percentage of facial images is labeled,
may be unsatisfactory. Then, a human annotator can perform two different
actions towards reaching a desired classification accuracy: a) he can manu-
ally label additional unlabeled images or b) he can place additional pairwise
facial image similarity or dissimilarity constraints. Thus the following ques-
tions naturally arise with respect to a ”constraints vs labels” strategy: which
of the two actions is more beneficial? What is the effect, in a certain label
propagation problem of a) inserting one more constraint or b) labeling one
more unlabeled image? Investigations towards answering these questions
were conducted. Specifically, given a desired classification accuracy, the ra-
tio of additional images that have to be manually labeled in order to achieve
this accuracy, versus the required number of pairwise constraints needed to
obtain the same accuracy was calculated. More specifically, let NRL be the
current number of manually labeled images, NTL be the number of manually
labeled images required in order to reach the desired classification accuracy
P (without the use of any pairwise constraints) and Nc be the number of
pairwise image similarity constraints needed (in addition to the NRL labeled
images) in order to reach P . For a given value of NTL (and thus for a cer-
tain desired classification accuracy) and for a certain number of NRL, the
ratio r of the additional labeled images needed to reach P over the required
pairwise constraints Nc needed to achieve the same target accuracy is given
by: r = (NTL − NRL)/Nc. Large values of r , e.g. values close to 1, mean
that adding a labeling constraint has almost the same effect on the classifica-
tion accuracy as labeling one more unlabeled image. On the contrary, small
values of r denote that much more additional facial image constraints than
labels are needed in order to reach the desired accuracy P .

For example, r = 0.5 means that, in order to reach P , one needs to place
twice as many labeling constraints than additional labels on images in order
to reach P . We have conducted such an experiment in one video, having 116
facial images. Plots of r versus NRL for various values of NTL are shown in
Figure 6. Six curves are depicted in the Figure 6, each corresponds to a fixed
NTL value, which in turn corresponds to a certain classification accuracy
value P . This figure suggests that r increases in general, as NRL increases
and never goes above 1. This means that, as the number of labeled images
increases, the effect of the constraints increases. However, since r is in more
cases significantly below 1, always less additional labeled images are needed
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than additional labeling constraints to reach the desired accuracy.
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Figure 6: Ratio of the number additional labeled images over the number of additional
labeling constraints for achieving desired facial image classification accuracy.

The above investigation naturally involves not only the effect of a ”labels
vs constraints” strategy towards reaching a certain (target) classification ac-
curacy but also the cost/effort associated with each of the two actions (adding
a label or a constraint). Usually, the effort of labeling an image is larger than
that of assigning a pairwise labeling constraint. Indeed, when an annotator
wants to annotate a facial image with one of the Q available labels (Q-class
problem), in the worst case, he will have to check at least Q representative
image samples (one per label) and (mentally) judge their similarity to the
image to be labeled. In the best case, the annotator may remember all repre-
sentative Q facial images and may need to make no image comparison at all
for labeling an unlabeled image. Thus, on average, the annotator can take a
labeling decision by examining/comparing Q/2 representative facial images
with the image to be labeled. On the other hand, when the same annotator
wants to place a pairwise image similarity constraint of the form ”two images
are similar” or ”two images are dissimilar”, then the decision is taken by just
comparing the two images. Based on the above, the cost/effort for the anno-
tator of assigning a label, denoted as Cl can be roughly set to Q/2 times the
cost Cc of assigning a constraint: Cl = (Q/2)Cc. Having defined the cost for
placing a new label or labeling constraint and assuming that the annotator
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has already labeled NRL images, the cost for reaching a desired accuracy by
using only image labeling is (NTL − NRL)Q

2
Cc whereas the cost of reaching

the same accuracy through labeling constraints is NcCc. The ratio C of these
costs is then:

C =
(NTL −NRL)Q

2
Cc

NcCc
= r

Q

2
. (22)

Obviously, C values larger than one indicate that labeling is more laborious
than inserting labeling constraints. Figure 7 shows plots of C versus NRL for
Q = 46 (the dataset contains 46 different classes/persons) for the previous
experiment. As can be observed, C is larger than one for all values of NRL

and thus, labeling is more laborious than inserting constraints.
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Figure 7: Ratio of the cost for reaching a desired accuracy by using only image labeling
over the cost of reaching the same accuracy through labeling constraints.

4.5. Pruned Constrained Label Propagation Performance

In this section, we analyze the performance of the pruned constrained
label propagation approach that includes the constraints in Section 3.3. In
total 9,003 pairwise similarity and 2,034 pairwise dissimilarity constraints
were automatically incorporated in the three movies. Figure 8 shows the
obtained recognition accuracies of the proposed Pruned Constrained Band
MLPP-CLP (PCB-MLPP-CLP) method and a) the MLPP-CLP method de-
scribed in [11] and b) the proposed constrained MLPP-CLP (CMLPP-CLP)
method i.e. the method that includes the constraints in Section III.C but uti-
lizes the full (k-NN) matrix W. Results are presented versus the percentage
of the retained (band) entries of the similarity matrix ap = 2NM

M2 = 2N
M

(%).
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The MLPP-CLP recognition accuracies form horizontal lines due to the fact
that they are not depended by the percentage of the retained entries around
the main diagonal (ap). With respect to MLPP-CLP, we can notice that in
two out of three movies (namely Movie 2,3), the PCB-MLPP-CLP method
outperforms the classical MLPP-CLP method for most values of ap (namely
ap ≥ 10%). This performance advantage is probably justified by the fact that
pruning of the similarity matrix results in removing similarity entries that
act as noise (semantically-unrelated facial images) in the label propagation
procedure and also by the fact that the PCB-MLPP-CLP algorithm utilizes
the additional information of the incorporated similarity and dissimilarity
constraints. For Movie 1, one can notice that the MLPP-CLP recognition
accuracy is significantly high, much higher than in the other two movies.
This fact probably explains why in this movie the proposed PCB-MLPP-
CLP performs worse than MLPP-CLP: data (facial images) quality is better
in this movie (bigger facial images, more frontal faces), thus pruning entries
of the similarity matrix removes useful information rather than denoising the
data. Moreover, the removal of useful information can be noticed in Movie
2 as PCB-MLPP-CLP classification accuracy decreases above ap = 0.15.

With respect to CMLPP-CLP (the non-pruned version of the constraints
including proposed algorithm), one can observe in Figure 8 that PCB-MLPP-
CLP has inferior but comparable performance. For large values of ap (e.g.
above 0.15) the performance of the two methods is very close and thus prun-
ing does not significantly affect the performance of the algorithm.
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Figure 8: Face recognition accuracy vs the percentage of retained entries of the similar-
ity matrix in PCB-MLPP-CLP. The MLPP-CLP [11] and CMLPP-CLP accuracies are
constant (horizontal lines) since there is no pruning involved.

Figure 9 shows plots of the r3 =
Tf
Tp

where Tf is the time for the computa-

tion of the full (k-NN) similarity matrix of the MLPP-CLP method, Tp is the
time for the computation of the pruned similarity matrix in the PCB-MLPP-
CLP method. As in Section 4.2, when the ratio is bigger than one, we can
observe a speedup. The r3 decreases as the ap is increased, which is expected
because then the band similarity matrix tends to the full matrix. According
to this plot, the computational savings for ap values that provide best classi-
fication accuracy results, e.g. ap = 0.15, 0.25 are significant (almost 6.8 and
4.14 times faster respectively).

Finally, let TLPp be the execution time of the pruned constrained label
propagation involving the band similarity matrix and TLPf let be the execu-
tion time of the MLPP-CLP method [11] involving the full similarity matrix.

The speedup ratio r4 =
Tf+TLPf
Tp+TLPp

in the execution time (matrix construction

+ label propagation) of the PCB-MLPP-CLP technique with respect to the
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MLPP-CLP execution time (matrix construction + label propagation), is
shown in Figure 10 for three movies.
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Figure 9: Speedup in the computation of the similarity matrix between MLPP-CLP and
Pruned Constrained Band MLPP-CLP
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Figure 10: Speedup of label propagation and similarity matrix computation between
MLPP-CLP and Pruned Constrained Band MLPP-CLP

Figure 10 shows that important speedup (up to 6 times faster in Movies
1,2 and up to 4.1 times faster for Movie 3) is obtained by the proposed
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approach at the points ap = 0.15, 0.25 in which the classification accuracy
presents best values. Moreover, as expected, the speedup decreases as the
percentage of the retained similarity matrix entries ap increases and tends
to one. Similar speedups were obtained by the PCB-MLPP-CLP pruned
constrained approach over the full similarity matrix constrained CMLPP-
CLP approach.

4.6. Performance in Monocular Videos

Tests with monocular sequences videos were also performed. The results
for MLPP-CLP [11], PB-MLPP-CLP, CMLPP-CLP and PCB-MLPP-CLP
on the right channel of Movie 2 are presented in Figure 11. A close look in
this Figure reveals that the performance and behavior of the three proposed
variants are similar to those exhibited in stereoscopic videos, as presented in
the previous Sections. More specifically, the inclusion of constraints in the
objective function (CMLPP-CLP) enhances the performance of the baseline
algorithm (MLPP-CLP). Pruning of the similarity matrix (PB-MLPP-CLP)
leads to a small decrease in the performance of MLPP-CLP, with a sig-
nificant decrease in the computational complexity, as shown in the previous
Sections. Finally, pruning combined with constraints inclusion (PCB-MLPP-
CLP) leads to a performance better than that of MLPP-CLP but inferior to
that of CMLPP-CLP, again with a reduced complexity compared to the latter
approaches. By comparing Figure 11 with Figures 3, 8, that refer to stereo-
scopic videos, one can note that, as expected, the performance of both the
baseline method and the proposed variants decreases when they are applied
on monocular videos.
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Figure 11: Face recognition accuracy vs the percentage of retained entries of the similarity
matrix in a monocular video (right channel of Movie 2) for MLPP-CLP [11], PB-MLPP-
CLP, CMLPP-CLP, PCB-MLPP-CLP. The MLPP-CLP and CMLPP-CLP accuracies are
constant (horizontal lines) since there is no pruning involved.

5. Conclusions

In this paper, a novel method for propagating person identity labels on
facial images extracted from stereo videos was introduced. The proposed
method which operates on multimedia data with multiple representations
(but can easily be adopted to work on single representation data and data
different than facial images), is called pruned label propagation and aims at
accelerating the state of the art MLPP-CLP label propagation method [11].
Experiments on a large data set consisting of facial images extracted from
three stereo movies show that a significant speedup is obtained by creating a
band similarity matrix, which contains fewer pairwise facial image similari-
ties. Such a speedup is also accompanied in many cases by an increase in the
recognition accuracy as the similarity matrix pruning acts as denoising filter
upon this matrix. Moreover, the paper proposes the use of similarity and
dissimilarity labeling constraints in the objective function of label propaga-
tion which was shown to increase the classification accuracy of MLPP-CLP
and outperform a number of recent and older label propagation approaches.
The two approaches (pruning and inclusion of constraints) can be combined
to obtain a faster and, in most cases, better performing (in terms of clas-
sification accuracy) version of MLPP-CLP. However the fact that the band
similarity matrix creation requires the images to be temporally ordered limits

29



the applicability of the method on video data processed, for example, by a
tracking algorithm. Nevertheless, since such data are generated in numerous
cases, the proposed method has a quite broad range of applications.
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