
LC-DECAL: Label Consistent Deep Collaborative Learning for Face
Recognition

Lamha Goel, Mayank Vatsa, and Richa Singh
IIIT-Delhi, India

{lamha15050, mayank, rsingh}@iiitd.ac.in

Abstract

With the advent of deep learning architectures, the per-
formance of face recognition has witnessed significant im-
provements. However, this has also necessitated the re-
quirement of large labeled training database. While ap-
proaches exist to utilize labeled or unlabeled data from re-
lated domains, in this paper, we present a collaborative
learning framework that utilizes the availability of both la-
beled and unlabeled data along with the presence of mul-
tiple experts, to improve the performance of face analysis
related tasks. The proposed Label Consistent Deep Col-
laborative Learning (LC-DECAL) framework makes use of
label consistency, transfer learning, ensemble learning, and
co-training for training a deep neural network for the target
domain. The efficacy of the proposed algorithm is demon-
strated with two existing Convolutional Neural Network ar-
chitectures, DenseNet and ResNet, via experiments on mul-
tiple face databases, namely YTF, PaSC Handheld, PaSC
Control, CelebA, and LFW-a. Experimental results show
that the proposed framework yields comparable results to
state-of-the-art results on all the databases.

1. Introduction
The performance of face recognition has seen impres-

sive improvements since the advent of deep learning algo-
rithms. The availability of large scale face databases such
as Celeb-A [21] and VGGFace [9, 26] have facilitated the
deep architectures to provide state-of-the-art results [8, 26].
In order to further improve the performance, we require
either improved architectures or larger databases with in-
creased variability or both. While collecting larger labeled
databases is time-consuming and expensive, unlabeled data
is usually available with ease. However, using both labeled
and unlabeled data for training the deep architectures re-
quire dedicated mechanism such as transfer learning or co-
training. In this paper, we introduce a “collaborative learn-
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Figure 1: LC-DECAL integrates co-training and trans-
fer learning to obtain a better model than traditional fine-
tuning.

ing” framework, built upon transfer learning and co-training
approaches, which utilizes labeled and unlabeled data for
training a deep network for face recognition.

Figure 1 summarizes the main concept of the proposed
framework. Transfer learning [25] is one of the most popu-
lar techniques for domain adaptation. It utilizes the knowl-
edge learned in the source domain to improve the perfor-
mance in the target domain. Fine-tuning is a common ex-
ample of transfer learning. On the other hand, co-training
[5] takes two views of the data, builds a classifier for each
of these views, and pseudo-labels the unlabeled data to train
the classifiers. Integrating transfer learning and co-training
in this research, the focus is on utilizing the knowledge
of multiple experts (models performing well for some task
similar to the target task) and propose a framework for col-
laborative learning of deep experts. This research makes
two-fold contributions: (i) collaborative learning frame-
work with two stages: co-training and transfer learning
which enables collaborative learning of two models with
unlabeled data as well, and (ii) incorporating label consis-



tency to learn discriminative features. The proposed ap-
proach, termed as LC-DECAL, uses labeled and unlabeled
data from target domain along with labeled data from the
source domain to improve over traditional fine-tuning (Fig-
ure 1). The effectiveness of the proposed algorithm is eval-
uated on face recognition and face attribute classification
databases, and the comparison is performed with state-of-
the-art algorithms individually on all the databases.

1.1. Literature Review

A lot of research is being done to utilize multiple experts
or unlabeled data to improve the performance for face anal-
ysis tasks such as face recognition and attribute prediction.
Gao et al. [11] proposed Semi-Supervised Sparse Repre-
sentation based Classification to perform face recognition
with few labeled samples and possibly corrupted by nui-
sance variables such as bad lighting or expression changes.
Bhatt et al. [2, 3] used co-training to improve face identifi-
cation for cross-resolution images. Yu et al. [35] trained the
model for current domain with small database by transfer-
ring hierarchical representations of an already learned deep
face model. Singh et al. [28] proposed supervised COS-
MOS autoencoder for classification tasks. Majumdar et al.
[23] proposed class sparsity based supervised encoding for
face verification. El Gayar et al. [10] compared the per-
formance of several semi-supervised multiple classifier sys-
tems for the task of face recognition. Cherniavsky et al. [7]
explored a semi-supervised approach to learn human facial
attributes from video. They also showed that training on
video data improved performance as compared to training
on image data.

Multiple approaches have been proposed to use deep
learning with small datasets. Ma et al. [22] introduced
self-paced co-training which allows updating the falsely la-
beled instances. Few-shot learning [8] is being explored to
learn classifiers from datasets with very few samples. A
Low-Shot Transfer Detector has been proposed for target
detection task with very few training examples [6]. Zhou
and Goldman [37] introduced democratic co-learning which
uses multiple algorithms instead of multiple views. A con-
structive algorithm for cooperative neural network ensem-
bles which determines ensemble architectures using incre-
mental training and negative correlation learning has also
been proposed [20].

Researchers have also focused on the area of collabora-
tive learning for various applications. Blum et al. [4] pro-
posed collaborative PAC learning, where multiple players
learn the same concept with the goal to get an accurate
classifier for all players simultaneously. Wang et al. [31]
proposed a two-stage Deep Collaborative Learning module

Name is inspired by the definition of decal (as per Google): a design
prepared on special paper for durable transfer on to another surface such
as glass and porcelain

which divides a convolutional layer in two steps: smaller
convolutions and fusion of their outputs. Vanhaesebrouck
et al. [29] proposed a collaborative learning framework for
multiple agents where the updates to an agents model were
governed by both: how the local data is and how it’s neigh-
bors behave. Wang et al. [30] proposed a Deep Asymmetric
Transfer Network for unbalanced domain adaptation. This
model accounts for the fact that usually source domain has
more reliable knowledge than the target domain.

2. Proposed: Label Consistent Deep Collabo-
rative Learning (LC-DECAL)

In this paper, a Label Consistent Deep Collaborative
Learning model has been presented which utilizes co-
training to benefit from unlabeled data samples, transfer
learning to benefit from source domain’s labeled data, en-
semble learning to combine classifiers, and label consis-
tency to learn discriminative features.

2.1. Label Consistent Learning

In a convolutional neural network, the initial layers learn
general features whereas the last few layers learn more task-
specific features [34]. The general cost function for a classi-
fication problem is the cross entropy loss for class labels ob-
tained by applying softmax on the last layer of the network.
Label consistency helps improve the features learned by the
last few hidden layers by considering the error in the predic-
tions made by each of these layers. For each of these layers,
the output of the layer is passed through a fully connected
layer. For the cost function, the `2 norm of the difference in
the output of this fully-connected layer and the one-hot en-
coding of the required labels is considered. The final label
consistent cost function is a weighted sum of these (Equa-
tion 1):

Cost = CostCE + αCostLC

= −
∑
i

yilog2y
′
i + α

k∑
j=1

||y − φ(MjHj)||2
(1)

where y represents one-hot encoding of the true labels, y′

represents the probabilities obtained for each class, Hj is
the representation of the jth last hidden layer, Mj is the
weights matrix of the fully connected layer attached to layer
Hj , φ is the activation function, and k is the number of
hidden layers being included for label consistency.

2.2. Transfer Learning via Ensembles

Transfer learning is beneficial when there is a similar do-
main (referred to as the source domain) with availability
of a large amount of labeled data. A model trained only
on the source domain data does not directly perform well



(a) Pre-training: Source domain
and target domain data used for
training two classifiers in their
respective domain.

(b) LC-DECAL framework: wjS and wjT denote the weight of the source and target domain classi-
fiers respectively for the jth view, Lj and P(Lj) denote the prediction of the CNNj ensemble and its
confidence in the prediction. ResNet [17] is chosen as CNN1 and DenseNet [18] as CNN2 for both
the domains.

Figure 2: Proposed Label Consistent Deep Collaborative Learning (LC-DECAL)

in the target domain because of the differences in the data
distribution. With convolutional neural networks, conven-
tional transfer learning takes a trained classifier of source
domain and fine-tunes it using the target domain data. In-
stead, LC-DECAL uses transfer learning to leverage models
trained in each domain by combining them in an ensemble
fashion. We take two classifiers - (i) Source domain clas-
sifier, trained on source domain labeled data and (ii) Tar-
get domain classifier, trained on limited target domain la-
beled data. The ensemble is built as a weighted combina-
tion of these classifiers. Initially, both classifiers are equally
weighted: ws = 0.5 and wt = 0.5. For improving the mod-
els, pseudo-labeled data is used (obtained by co-training).
The classifiers are fine-tuned by back-propagation and the
weights are updated as suggested by [36]:

hi(Ci
X) = exp(−0.5 ∗ ||Ci

x − yi||22) (2)

wi+1,j
S = wi,j

S ∗ h
i(Ci

S)/(w
i,j
S ∗ h

i(Ci
S) + wi,j

T ∗ h
i(Ci

T ))
(3)

wi+1,j
T = wi,j

T ∗ h
i(Ci

T )/(w
i,j
S ∗ h

i(Ci
S) + wi,j

T ∗ h
i(Ci

T ))
(4)

where, wi,j
X denotes the value of weight for classifier X

(source or target, i.e., Xε{S, T}) in the ith iteration for the
jth view, Ci

X is the vector of probabilities for each class
given by classifier X, and yi is the one-hot encoding of
pseudo label given by co-training.

2.3. Co-training

Co-training is applicable for classification problems
where at least two independent views of the data are avail-
able along with large amount of unlabeled data and some
labeled data to train the models. Co-training is used to
provide pseudo-labels to the unlabeled data. Given two
independent classifiers (referred to as the 2 views on the
data), each trained to have better than random accuracy, the
pseudo-label for a given unlabeled data sample is obtained
in the following way: for each classifier Ei, its prediction
Li is obtained along with the prediction confidence pi. IfE1

is more confident, the pseudo-label is L1 and E2 is trained
on this sample using transfer learning. Similarly, if E2 is
more confident, the sample is given the pseudo-label L2

and E1 is trained on this sample using transfer learning.
If both classifiers are equally confident, the process is re-
peated with the sample later after the classifiers have been
further trained on more samples (Algorithm 1 presents the
pseudo-code).

2.4. Label Consistent Deep Collaborative Learning

The LC-DECAL approach uses co-training as described
to obtain pseudo-labels for unlabeled data from models for 2
views (the 2 classifiers), uses transfer learning to update the
ensemble of source and target domain models in each view,
and label consistency to ensure these models learn discrim-
inative features. The complete algorithm is summarized in
Figure 2 and Algorithm 2.



Li = argmaxl P (l|Ei, X)
pi = P (Li|Ei, X)
if p2 > p1 then

Train E1 on (X, L2);
else if p1 > p2 then

Train E2 on (X, L1);
else

Process X again after the current mini-batch
end

Algorithm 1: Co-training component of LC-DECAL

Input : Trained classifiers: CNN1
S and CNN2

S on
source domain data and CNN1

T and CNN2
T

on the target domain labeled data
Symbols : E1 = Weighted ensemble of CNN1

S and
CNN1

T , E2 = Weighted ensemble of CNN2
S

and CNN2
T

Initialize: w1
S = 0.5, w1

T = 0.5, w2
S = 0.5, w2

T = 0.5
for each unlabeled sample X in target domain do

L1 = PredictedLabel(E1, X);
p1 = P (L1| E1, X);
L2 = PredictedLabel(E2, X);
p2 = P (L2| E2, X);
if p2 > p1 then

Train E1 on (X, L2) with cost function as in
Eq. 1;

w1
S = w1

S * h(CNN1
S)/(w1

S * h(CNN1
S) + w1

T *
h(CNN1

T ));
w1

T = 1 - w1
S ;

else if p1 > p2 then
Train E2 on (X, L1) with cost function as in

Eq. 1;
w2

S = w2
S * h(CNN2

S)/(w2
S * h(CNN2

S) + w2
T *

h(CNN2
T ));

w2
T = 1 - w2

S ;
else

Process X again after the current mini-batch
end

end
Algorithm 2: Label Consistent Deep Collaborative
Learning

3. Implementation Details

Given unlabeled samples of data from target domain,
LC-DECAL uses co-training to obtain pseudo-labels. In
this research, DenseNet [18] and ResNet [17] are used as
the two views for co-training. For each sample, the more
confident classifier provides the pseudo-labels while the less
confident classifier is trained on the sample with the given
pseudo-label using transfer learning. As the classifiers are

trained with unlabeled data, the weights are updated as
given in Equations 3 and 4. The network is trained using
mini-batch gradient descent.

Each 3× 3 convolutional layer of DenseNet has a 1× 1
convolutional layer preceding it as a bottleneck layer. The
(1×1) convolution + (3×3) convolution is regarded as one
layer. Each convolution is preceded by batch normaliza-
tion [19] and ReLU layers. We did not use any dropout or
data augmentation. Further, CNN1 (DenseNet) and CNN2
(ResNet) ensembles are used to jointly provide the label us-
ing sum of prediction probabilities. We used Theano to im-
plement the system prototype and cuDNN library on K80
GPU to accelerate training and testing on the models.

4. Experimental Analysis
4.1. Databases

The proposed algorithm is evaluated on the tasks of face
recognition and attribute prediction. Figure 3 shows some
sample images from the face databases.
CMU Multi-PIE [14] face database has more than 750,000
high-resolution images of 337 people with variations in ex-
pressions, illumination conditions, and view points. A sub-
set of Multi-PIE containing 50,248 images of 337 people
corresponding to expressions and illumination variations.
has been used as the source domain database for face recog-
nition problems in this research.
Surveillance Cameras Face Database (SCface) [13] pro-
vides 4160 images of 130 subjects captured in an uncon-
trolled indoor environment via 5 surveillance cameras.
YouTube Faces (YTF) [32] database has 3425 videos of
1595 people obtained from YouTube with an average of
181.3 frames per video.
Point and Shoot Challenge (PaSC) [1] database is split
into PaSC control and PaSC handheld databases. There are
1401 videos in each of these databases of 265 subjects cap-
tured at 6 locations. The results are shown on both PaSC
control and PaSC handheld databases.
Celeb Faces Attributes (CelebA) [21] database contains
202,599 celebrity images, each with 40 attribute annotations
and 5 landmark locations, pertaining to 10,177 identities.
The images cover various poses and background clutter.
Labeled Faces in the Wild-a (LFW-a) [33] database con-
tains 13,143 gray-scale images, aligned using a commercial
face alignment software. For 1680 subjects, there are at
least 2 images.

4.2. Experimental Protocol

Face Recognition: The proposed approach has been evalu-
ated on YouTube Faces (YTF) [32] and the Point and Shoot
Challenge (PaSC) [1] databases. Both these databases
have predefined experimental protocols. The YouTube



Figure 3: Sample images from some of the face databases
used in this research.

Faces database provides 10 splits of data, each consisting
of 250 genuine and 250 impostor pairs. The mean ver-
ification accuracy at 1% False Accept Rate (FAR) of 10
fold cross validation has been reported. The PaSC hand-
held database evaluates an algorithm for matching at low-
resolution whereas PaSC control database evaluates the al-
gorithm for high-resolution matching. For training, a sep-
arate set of training data provided with the PaSC database
is used, and for testing, the pairs are generated from the
samples given in the main database. The training data of
both databases was divided into two parts: first was used to
pre-train the target domain models, and the second part was
used as unlabeled data to update the source and target mod-
els using the proposed LC-DECAL. CMU Multi-PIE and
SCface databases were used to pre-train the source models
for face recognition experiments.
Attribute Classification: For attribute classification prob-
lem, the proposed algorithm has been evaluated on CelebA
and LFW-a databases. Standard protocols were followed
for both the databases. The CelebA database has been di-
vided into three parts: about 160,000 images for training,
and about 20,000 images each for validation and testing
sets. The LFW-a database is divided into 6263 training
images and 6880 testing images. Classification accuracies
have been reported for both these databases.

4.3. Results on Face Databases

Predefined experimental protocols are followed for all
the databases, as discussed in Section 4.2. The results are
reported on the YTF [32], PaSC [1], CelebA [21] and LFW-
a [33] databases.
Face recognition: The results are shown on the YTF and
PaSC databases. The results have been compared with state-
of-the-art approaches (Table 1). The proposed approach is
second only to VGGFace on YTF, and surpasses the state-
of-the-art results in all other cases. Figure 4 shows the ROC
curves of the proposed approach versus the base models
(DL-1: DenseNet and DL-2: ResNet) on the YTF and PaSC

Table 1: Results on YTF, PaSC Handheld, and PaSC Con-
trol databases. Verification accuracies on the YTF database
are reported at equal error rate while the results on PaSC
are reported at 1% false accept rate. Top two results are
highlighted in the table.

Algorithm YTF PaSC
Handheld Control

Trunk-Branch Ensem-
ble CNNs with Batch
Normalization [9, 27]

94.9% 97.0% 98.0%

VGG Face [9, 26] 97.4% 87.0% 91.3%
SDAE-DBM Joint Rep-
resentation [12]

95.4% 97.2% 98.1%

DenseNet (DL-1) 95.0% 93.0% 93.7%
ResNet (DL-2) 92.1% 82.9% 79.9%
Proposed LC-DECAL 96.3% 97.6% 98.7%

Table 2: Classification accuracies on the CelebA and LFW-
a databases. Best reported results are highlighted in the ta-
ble.

Algorithm CelebA LFW-a
MCNN +AUX [16] 91.29% 86.31%
DMTL [15] 92.60% 86.15%
Proposed LC-DECAL 92.86% 87.11%

databases. It is evident that the proposed approach signifi-
cantly improves upon the base models.
Attribute Classification: The results are computed on two
databases (CelebA and LFW-a), and the accuracies are com-
pared with two state-of-the-art attribute classification algo-
rithms. As shown in Table 2, the proposed algorithm yields
the best results on both the databases.

4.4. Analysis of Proposed Approach

The proposed Label Consistent Deep Collaborative
Learning (LC-DECAL) framework has three major compo-
nents: (1) Co-training, (2) Transfer learning, and (3) Label
Consistency. A component wise analysis is performed to
analyze the usefulness of the three individual components.

The base models were trained on the target domain la-
beled data. The models were provided with additional la-
beled data for transfer learning, and unlabeled data for co-
training. Tables 3 and 4 summarize the results for the base
models, and for each technique when it is combined with
the base models for different databases.
Co-training: Co-training works when we have two inde-
pendent classifiers with decent accuracies and additional
unlabeled data. Co-training assigns pseudo-labels to the un-
labeled data using the two classifiers, and then the classifiers
are trained with the pseudo-labeled data. For the experi-
ments, DenseNet is chosen as view1 (DL-1) and ResNet as
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Figure 4: ROC Curves (DL-1: DenseNet, DL-2: ResNet)

Table 3: Analyzing the effect of each component of the pro-
posed LC-DECAL framework.

Database Model DenseNet ResNet

YTF

Base Model 95.0% 92.1%
With Co-training 95.4% 92.9%
With Transfer Learning 95.7% 93.1%
With Label Consistency 95.6% 93.2%

PaSC Handheld

Base Model 93.0% 82.9%
With Co-training 94.1% 84.8%
With Transfer Learning 94.4% 86.5%
With Label Consistency 94.7% 86.7%

PaSC Control

Base Model 93.7% 79.9%
With Co-training 94.5% 83.3%
With Transfer Learning 94.9% 84.1%
With Label Consistency 94.9% 84.4%

view2 (DL-2). We see that co-training improves the perfor-
mance. In the best case, the accuracy improved by 4.43%
when using ResNet for the LFW-a database (Table 4).
Transfer learning: For transfer learning, a pre-trained
source domain classifier was used along with the base
model. It provided some improvements in the accuracies of
both the models and also, performs better than co-training in
all cases. On using ResNet for the LFW-a database, trans-
fer learning increases accuracy of base model by 4.57%.
Thus, it is understood that it would be extremely beneficial
to use transfer learning if there is enough labeled data avail-
able in both source and target domains. Co-training solves
the problem of availability of labeled data in target domain,
thus justifying the utility of the proposed approach.
Label Consistency: Label consistency invariably increased
the accuracy of the base models. It increased the accuracy of
ResNet by 4.6% and 4.5% for the LFW-a and PaSC Control
databases respectively.
Statistical Analysis: For statistical analysis, we performed
the McNemar test [24] and compared our approach to the
second best result on each database. On the PaSC, CelebA
and LFW-a databases, at 99% confidence, the proposed ap-
proach is found to be statistically different and performs
better than other approaches. On the YTF database, we

Table 4: Analyzing the effect of each component of the pro-
posed LC-DECAL on the CelebA and LFW-a databases.

Database Model DenseNet ResNet

CelebA

Base Model 84.42% 80.37%
With Co-training 85.04% 84.55%
With Transfer Learning 85.76% 84.91%
With Label Consistency 85.92% 84.07%

LFW-a

Base Model 80.29% 76.42%
With Co-training 82.75% 80.85%
With Transfer Learning 82.97% 80.99%
With Label Consistency 83.04% 81.02%

combined the results of all the folds (of 10-fold cross valida-
tion) to form 5000 decisions and applied McNemar Test. At
99% confidence interval, the null hypothesis is not rejected,
i.e., the results of the proposed algorithm and VGG-Face on
the YTF database are statistically not different.

5. Conclusion and Future Work
This paper introduces the LC-DECAL framework in

which an ensemble of classifiers are used to (i) collaborate
to pseudo-label the unlabeled data and (ii) combine knowl-
edge from the source and target domains using transfer
learning. The framework requires that the source and target
domains are similar, so as to avoid divergence in training
due to wrong pseudo-labeling. Further, the label consis-
tency is incorporated to learn discriminative features. The
results on face databases show that LC-DECAL improves
upon the performance of the base classifier and achieves
state-of-the-art results. This approach can be extended to
include multiple source domains or allow collaboration for
less similar tasks.
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