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Abstract

Recent advancements in deep learning have significantly
increased the capabilities of face recognition. However,
face recognition in an unconstrained environment is still
an active research challenge. Covariates such as pose and
low resolution have received significant attention, but “dis-
guise” is considered an onerous covariate of face recogni-
tion. One primary reason for this is the unavailability of
large and representative databases. To address the problem
of recognizing disguised faces, we propose an active learn-
ing framework A-LINK∗, that intelligently selects training
samples from the target domain data, such that the decision
boundary does not overfit to a particular set of variations,
and better generalizes to encode variability. The framework
further applies domain adaptation with the actively selected
training samples to fine-tune the network. We demonstrate
the effectiveness of the proposed framework on DFW and
Multi-PIE datasets with state-of-the-art models such as LC-
SSE and DenseNet.

1. Introduction
State-of-the-art face recognition models have demon-

strated high performance on datasets such as CMU Mul-
tiPIE [5] and Labeled Faces in the Wild [8]. These mod-
els face challenges due to several covariates such as dis-
guise and low resolution. For example, a person may get
a photo clicked while wearing sunglasses, a wig or with
makeup. Ideally, such disguised appearances should not
confuse face-recognition models. At the same time, as
shown in Figure 1, an impostor wearing a disguise to im-
personate another user should not be able to fool an ideal
recognition model. The covariate of face disguise is not
uncommon; Dhamecha et al. explore the feasibility of face
verification under disguise variations using multi-spectrum
face images [2]. This covariate has significant implications
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Figure 1: Subject image samples from DFW [3], [23]
database, along with their corresponding impostor and dis-
guised images.

for real-world face recognition systems used by govern-
ment agencies, online social media networks and surveil-
lance systems.

Matching faces with disguised variations can be mod-
elled as a domain adaptation problem; here, the source do-
main (source data distribution) contains undisguised faces,
whereas the target domain (different, but related to source
domain) may include disguised images. Recent work by
Kan et al. [10] uses such an approach to work with unla-
beled data in the target domain. However, their work cannot
be used on top of already trained models, or convolutional
neural networks/deep learning models. Yao et al. utilize
a similar approach: they consider low resolution and high
resolution as two distinct domains and propose a projection
technique that utilizes domain adaptation [30]. The scarcity
of labelled data from the target domain makes this an even
harder challenge. Models can assign pseudo-labels, but the
level of disguise in most cases is too much for any model
trained on the source domain to work well.

Active learning, a technique that intelligently selects ex-
amples while training or queries the annotator for labels,
can be useful in cases where data is scarce. Several tech-
niques have been explored in the literature for active learn-
ing. Query by committee [13] selects points for which an
ensemble of models disagrees the most. Uncertainty sam-
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Figure 2: A data-flow diagram of A-LINK for the case of disguised faces. A-LINK starts with a batch of unlabelled data
from the target domain and ends up with a batch of data from both source and target domain, on which M2 is finetuned.

pling [12] selects points for which a given model is least
confident about its predictions. Recent advancements ex-
tend existing methods in active learning to deep neural net-
works. Work on estimating distances of points from de-
cision boundaries using adversarial perturbations [4] is in-
spired by work that queries points in an SVM [27]. Lin
et al. create a teacher-student framework to mix predic-
tions from a teacher model with annotated labels to fine-
tune a given student CNN model [14]. Recent work on par-
tial feedback [6] has shown significant improvements for
deep-neural networks. Huang et al. describe a novel query
strategy for active learning on surveillance images [9]. Tar-
vainen et al. propose a model-weight based ensemble tech-
nique which trains student and teacher models together,
yielding near state-of-the-art performance with a fraction
of labelled data [26]. Dictionary learning has also been ex-
plored in literature: Suri et al. propose a method that com-
bines task-dependent and task-independent features [25].
All of the above work considers data to be from the same
domain, and thus may not work well in the presence of vary-
ing covariates.

Combining active learning with domain adaptation can,
potentially, lead to a system that works better than either of
the techniques applied individually. These two techniques
have been combined in the form of active-supervised do-
main adaptation [18] for improved performance. This algo-

rithm trains an additional classifier while segregating exam-
ples into the source or target domain. However, such a clear
distinction may not always be available in an instance such
as facial disguises: the covariates may not be distinctly sep-
arated across the two domains. The need to train such a clas-
sifier also makes the overall framework time-consuming.

Inspired by the recent success of domain adaptation
and active learning, we propose A-LINK (Active-Learning
based Inter-domaiN Knowledge): a framework that uti-
lizes active learning to adapt to a given target domain with
a covariate, in specific, faces with disguises. The pro-
posed framework does not require re-training the model
from scratch, and therefore, it is fast. Further, the model
does not require any pre/post processing at inference. A-
LINK is model agnostic; we evaluate the effectiveness of
the proposed framework on multiple state-of-the-art deep
learning models including DenseNet [7] and Local Class
Sparsity Supervised Autoencoder (L-CSSE) [15] to ascer-
tain our claim. Additionally, we evaluate the generalizabil-
ity of the proposed algorithm on another covariate: Multi-
PIE [5] dataset, treating low-resolution as the target domain.

2. Proposed A-LINK Algorithm

In this research, we propose Active-Learning based
Inter-domain Knowledge (A-LINK) algorithm which al-
lows a model access to an intelligently crafted subset of im-



ages from the target domain. In effect, the chosen subset
of points would allow the best possible transfer of weights
from the source to the target domain. The algorithm uses
two models M1 and M2: M1 plays the role of a teacher
model which has been trained well on the source domain,
whereas M2 plays the role of a student model which has
been trained on a relatively smaller set of data from the tar-
get domain. Data points from the target domain for which
M2 yields wildly fluctuating scores andM1 does not are fil-
tered and used for fine-tuning M2. The hypothesis behind
selecting these particular points is that if M2 performs well
on them, it should perform well on the entire target domain.
Figure 2 illustrates the concept of A-LINK.

The algorithm assumes a pair of deep architec-
tures/models: M1 and M2. Here, M1 plays the role of a
teacher model: having knowledge of the source domain.
The modelM2 plays the role of a student model, with some
information about the target domain. The ultimate goal of
the algorithm is to use M1’s knowledge to refine M2’s per-
formance on the target domain in a semi-supervised manner
while maintaining performance on the source domain. We
also assume the presence of an Oracle, an annotator which
yields the corresponding ground truth for given inputs. This
entity is found in most active learning settings; its use in this
particular problem is elaborated upon in Section 2.3.

The presence of two models helps achieve an ensemble-
like effect, transferring knowledge from M1 to M2. The
presence of an Oracle ensures that the data used to fine-tune
M2 does not have incorrect or noisy labels, thus ensuring
there are no outliers. These four sub-protocols are described
in detail in the following sections.

2.1. Generating Predictions

The main objective is to fine-tune M2 with limited
amounts of training data, by utilizing domain information
available from M1. Since annotating data is an expensive
process, we consider a setting where a sufficient amount of
unlabeled data are available as our starting premise.

We sample a batch of unlabeled target-domain image-
pairs (called Xtarget) and pass it to M1 to get a set of pre-
dictions, P1. These predictions vary in [0, 1]: 0 implies that
the images in a pair are of distinct people, while 1 corre-
sponds a perfect match. Next, we take a copy of this batch
and add some noise to each image in an image-pair, for all
pairs. There is no restriction on the type of noise which
can be incorporated into an image; we have experimented
with Gaussian, Salt and Pepper, Perlin, and Poisson noise;
as well as combinations of these four. This set of now-noisy
samples (called Xtarget+noise) is fed as input toM2 and the
set of predictions obtained are taken to be P2.

The intuition here for adding noise is: a model that has
overfitted on the given data distribution or is not confident
enough about its predictions is most likely to yield incor-

rect predictions for such perturbed inputs. However, if the
model predicts a score that is close to the actual label for a
pair of images perturbed with noise, it is expected to per-
form well for unperturbed images as well. Thus, adding
noise to images and considering only such cases helps iden-
tify data points which, when used to fine-tune M2, can po-
tentially improve its performance.

Algorithm 1: A-LINK
Input: mix ratio, ε

1 Train model M1 on image-pairs without the covariate
(source domain);

2 Train model M2 on the limited-size set of image-pairs
with the covariate (target domain);

3 while Xtarget contains data do
4 Get next batch of unlabeled image-pairs with

covariate (from Xtarget);
5 Get predictions P1 for Xtarget from M1;
6 Add noise to a copy of Xtarget to get batch

Xtarget+noise ;
7 Pass Xtarget+noise to M2, get predictions P2;
8 Idiff = {i | (P1[i] ≥ 0.5) 6= (P2[i] ≥ 0.5)} ;
9 Idiff = {i ∈ Idiff | i ≥ 0.5 + ε or i ≤ 0.5− ε } ;

10 Query Oracle for Xtarget[Idiff ] to get Label ;
11 Imatching = {i ∈ Idiff | Label[i] == P1[i]} ;
12 Xtarget+noise use = Xtarget+noise[Imatching];
13 Get Xsource = mix ratio− 1 more batches of

source-domain image-pairs;
14 Fine-tune M2 with concatenate(Xsource,

Xtarget+noise use) and their corresponding
labels;

15 end

2.2. Data Filtering

Once we have P1 and P2, we compute the set of indices
Idiff ; as the indices where P1 and P2 differ in predictions.
By difference in prediction (disagreement), we mean that if
an index i ∈ Idiff ,

1. P1[i] ∈ [0, 0.5) and P2[i] ∈ [0.5, 1] or,
2. P1[i] ∈ [0.5, 1] and P2[i] ∈ [0, 0.5)

Similarly, P1 and P2 agree on some prediction, or some in-
dex j 6∈ Idiff if,

1. P1[j] ∈ [0, 0.5) and P2[j] ∈ [0, 0.5) or,
2. P1[j] ∈ [0.5, 1] and P2[j] ∈ [0.5, 1]

The intuition here is that data points, for which P1 and
P2 agree, would not provide any additional information re-
quired to fine-tune M2. Thus, using such data-points would
not be very beneficial in improving M2’s performance.

To further reduce the number of queries made to the or-
acle, we further filter Idiff in the following way: cases for



which the predictions from M1 lie in [0.5-ε, 0.5+ε] are dis-
carded. These cases most likely correspond to the scenario
where M1 is not confident enough about its predictions and
thus have a higher probability of being incorrect. This way,
we end up making fewer queries to the oracle.

2.3. Using the Oracle

After the first filtering step, we utilize the oracle to fur-
ther prune data points. The Oracle provides the ground
truth for any input it is supplied with. In our case, the ora-
cle ascertains whether a pair of images belong to the same
class/identity or not. Once we compute Idiff , we take the
corresponding image-pairs, i.e., Xtarget[Idiff ] and query
for the ground truth corresponding to each pair from the
oracle. In the same way, as explained in Section 2.2, we
choose points where the oracle is in sync with M1’s predic-
tions to generate a new set of indices, namely Imatching .

Since queries to the oracle are expensive, we also in-
tend to minimize their number. This entire segment is the
essential active-learning portion of the proposed algorithm
since we do not query the oracle for all possible image-pair
ground truth values.

2.4. Fine-tuning M2

After computing Imatching from the previous step, im-
age pairs from Xtarget corresponding to these indices are
selected to be used by M2. These image-pairs correspond
to the cases where M1 is right about its predictions but M2

is wrong about their labels when a perturbed version of the
same data-points is used.

Since this batch consists of only data from the target do-
main (with covariate), it is possible that, over time, M2 may
start to overfit to these image-pairs. To circumvent such a
possibility, some data from the source domain (with associ-
ated labels) is added to the batch as well. In our implemen-
tation, we add mix ratio − 1 more batches of data-points
from the source domain to prepare one final batch on which
M2 is fine-tuned. This ensures that M2 has good perfor-
mance both on the target domain and the source domain.

3. Datasets
3.1. Disguised Faces in the Wild (DFW)

The Disguised Faces in the Wild (DFW) dataset [11, 23]
dataset contains more than 11,155 images of 1000 subjects
with different kinds of disguise variations. As per the pre-
defined protocol, 400 subjects comprise the training set, and
600 subjects comprise the testing set. Face coordinates for
these images are included in the dataset and were generated
using Faster RCNN [17]. Using these coordinates, the face
region is extracted from each image. The dataset contains
images with their person-identifiers. However, for training
the predefined protocol, we are interested in a format where
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Figure 3: ROC curves on the test-set of DFW for the overall
scenario with Densenet (left) and L-CSSE (right)

a pair of images, along with an indicator of them being the
same, is made available. Thus, we construct image-pairs
by combining inter-class and intra-class images (all possi-
ble combinations) for use in the algorithm. We maintain
subject exclusivity between the training and test set while
creating these image-pairs. All further references to data
point refer to these image-pairs, not individual images from
the original structure of the dataset. The three cases consid-
ered for evaluation are:

1. Impersonation: considering genuine validation (595
cases) vs. impostor impersonators (24,451 cases).

2. Obfuscation: considering genuine, disguised (13,302
cases) vs. cross-subject impostors (9,027,981 cases).

3. Overall: considering genuine (disguised and undis-
guised both; 13,897 cases) vs. impostors (imperson-
ators and cross-subject; 9,052,432 cases).

3.2. CMU Multi-PIE Dataset

The CMU Multi-PIE dataset [5] contains images of 337
subjects. We follow a setup similar to that used by Singh et
al. [22]: out of all images, we select images with frontal
pose, uniform illumination, and neutral expression. For
running the proposed algorithm, 100 subjects are randomly
chosen for training while the remaining 237 compose the
test set. This step is repeated five times, and the results are
averaged across these runs. Through this dataset, we wish
to showcase the generalization of our algorithm to covari-
ates other than disguise. We artificially downsize the im-
ages from their original size of 150 × 150, considering the
original dataset as our source domain, and the distribution
of downsized images as our target domain. We experiment
with multiple resolutions for the target domain, referred to
as target resolution throughout the paper, for the downsized
images: 16× 16, 24× 24, 32× 32, and 48× 48.

4. Implementation Details
The algorithmic description of A-LINK is shown in Al-

gorithm 1. For feature extraction, we use a Densenet [7]
model for feature extraction, trained on Labeled Faces in
the Wild Dataset (LFW) [8] (which is a standard dataset
used in the literature for training face-verification mod-
els). To assess the generalisation of our approach to an-



other feature extraction model, experiments are also shown
using a Local Class Sparsity Supervised Autoencoder (L-
CSSE) [15] (Section 5.1). This L-CSSE Autoencoder is
used with a Siamese network built on top of it with three
fully-connected layers: the absolute difference in feature
vectors is passed as input to the fully-connected layers. L-
CSSE autoencoder is trained on LFW before being used as a
featurization model for A-LINK. All feature extraction lay-
ers are frozen while training these Siamese networks.

A machine with an Nvidia K-80 GPU, with 128GB
RAM and a Xeon E5-2630v2 CPU is used to perform all
the experiments. For both the datasets, we varied Disparity-
ratio in the range {0.25, 0.5, 1, 2, 4}. Additionally, we
also varied the kind of noise added: {Gaussian, Poisson,
Speckle, Salt & Pepper, Perlin}, along with a combination
of all of these noises. An oracle is simulated artificially by
accessing ground-truth for labelled data from the target do-
main, which is otherwise not used by the algorithm, and
keeping track of the number of such unique accesses.

DFW: Architectures of modelsM1 andM2 are the same:
it consists of an absolute difference layer over the two in-
puts (features extracted from images), followed by two lay-
ers with ReLU [16] activation of 512 and 64 neurons. These
layers are followed by a one-neuron layer and Sigmoid ac-
tivation, thus predicting a score in the range [0,1]. The
AdaDelta optimizer with its default learning rate of 1 was
used while training all the models, with a batch size of
64. M1 is trained using labeled, undisguised face-image
pairs, while M2 is trained using 50% of the labelled, dis-
guised face-image pairs available. We use the remaining
50% disguised face-image pairs for A-LINK. All cropped
face-images are resized to 224× 224.

Multi-PIE: The architecture for M1 is the same as de-
scribed above. For the source domain, we resize all im-
ages from their original 150× 150 resolution to 224× 224
resolution (linear interpolation) to pass via the featurization
model. We do not use a pre-trained featurization model for
M2: up-scaling an image from a resolution like 16 × 16 to
224×224 is bound to be lossy. Thus, instead of using an ex-
plicitly separate featurization model, we modify M2 to take
as inputs raw images: two 3×3 convolutional layers with 32
filters, followed by 2 × 2 max-pooling, followed by a sim-
ilar block with 64 filters. The rest of the architecture is the
same as M1. The optimizer, learning rate, and other hyper-
parameters are kept the same as in the case of DFW. M1 is
trained using labeled face-image pairs, while M2 is trained
using only 50% of the labelled images with target resolution
(48×48, 32×32, etc). Similar to DFW, we use the remain-
ing 50% target-resolution image-pairs for A-LINK. Unlike
DFW, there are no separate datasets for source-domain and

We used Tensorflow (https://www.tensorflow.org/) and Keras
(https://keras.io/) for implementing the algorithm and training models.
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Figure 4: GAR at 1% FAR for impersonation, obfuscation
and overall performance on DFW, for M1 and variations of
M2. M1, M2 use L-CSSE for feature extraction.

target-domains: the resolution covariate is defined indepen-
dently of the dataset. Thus, for pre-trainingM1 andM2, we
use the same data: M1 sees the original image-pairs, while
M2 sees downsized image-pairs.

5. Experimental Results and Analysis
Experiments are performed for all possible configura-

tions, using the parameters specified in Algorithm 1. The
configuration of parameters that performed best for us is:
ε=0.5, disparity-ratio=none, mix ratio: 2, 50% of labelled
disguised-face data used in Step 2, noise used: a mixture of
Gaussian, salt-pepper, Poisson, speckle.

Receiver operating characteristic (ROC) curves pertain-
ing to the overall cases for DFW are shown in Figure 3,
using DenseNet and L-CSSE. The curves belong to the best
configurations in the overall cases. Genuine accept rates
(GAR) at 1% false accept rate (FAR) and 0.1% FAR for
DFW are given in Table 1.

In addition to the models trained with A-LINK, we also
include results for modelM1 andM2 (M2 before A-LINK)
after the step where it has been trained on a limited-size set
of disguised face-image-pairs (Line 2, Algorithm 1). Vary-
ing this percentage to {30, 40, 50}% of data yields a GAR
(at 1% FAR) of 88.35 ± 0.32%; although using 50% of the
available data gives the best results (88.72%), varying this
ratio does not alter the results significantly. Further, we also
performed experiments with the variation:

Idiff = argsort(− | P1 − P2 |)[: sample size] (1)

where sample size is a specified percentage (disparity-ratio)
of the size of | P1 − P2 |.

For the best configuration of A-LINK (using a model
with the same architecture trained on all data without A-
LINK, as benchmark) that uses a DenseNet model, absolute
improvements of 4.35%, 1.98%, and 1.74% are observed
in GAR at 1%FAR for the cases of impersonation, obfus-
cation, and overall case of DFW. For GAR at 0.1% FAR,
absolute improvements are 1.65%, 3.18% and 3.19% for



Table 1: GAR at 1% FAR and 0.1% FAR for impersonation,
obfuscation and overall performance of DFW, for M1, M2

before A-LINK,M2 after A-LINK using no noise, M2 after
A-LINK using mixture of noise, and M2 without A-LINK.

Model GAR1% GAR0.1%

Impersonation
Baseline (VGG-Face) 52.77 27.05
Baseline (VGG-Face2) 73.94 38.48
AEFRL [24] 96.80 57.64
MiRA-Face [11] 95.46 51.09
UMDNets [1] 94.28 53.27
M1 (DenseNet) 89.68 65.60
Uncertainty Sampling [12] 89.71 65.78
Margin Sampling [19] 91.09 73.12
Entropy Sampling [21] 91.27 73.53
M2 before A-LINK 89.15 69.41
M2 without A-LINK 91.38 71.93
M2 after A-LINK: no noise 92.84 73.27
M2 after A-LINK: mixture 95.73 75.38

Obfuscation
Baseline (VGG-Face) 31.52 15.72
Baseline (VGG-Face2) 54.86 31.55
MiRA-Face [11] 90.65 80.56
AEFRL [24] 87.82 77.06
UMDNets [1] 86.62 74.69
M1 (DenseNet) 83.11 63.01
Uncertainty Sampling [12] 83.44 63.28
Margin Sampling [19] 85.01 68.92
Entropy Sampling [21] 85.07 68.99
M2 before A-LINK 84.23 65.15
M2 without A-LINK 86.99 68.95
M2 after A-LINK: no noise 87.52 69.28
M2 after A-LINK: mixture 88.97 72.13

Overall
Baseline (VGG-Face) 33.76 17.73
Baseline (VGG-Face2) 56.22 32.68
MiRA-Face [11] 90.62 79.26
AEFRL [24] 87.90 75.54
UMDNets [1] 86.75 72.90
M1 (DenseNet) 83.74 63.18
Uncertainty Sampling [12] 83.89 63.71
Margin Sampling [19] 85.50 65.97
Entropy Sampling [21] 86.08 69.04
M2 before A-LINK 85.41 65.99
M2 without A-LINK 87.56 69.53
M2 after A-LINK: no noise 88.14 70.15
M2 after A-LINK: mixture 89.30 72.72

the cases of impersonation, obfuscation and overall case of
DFW.

For comparison, we have also included results from the
DFW competition organized with CVPR 2018. Accord-
ing to the competition, MiRA-Face [11], AEFRL [24] and

UMDNets [1] are the current state-of-the-art for this dataset.
It can be observed that in addition to outperforming base
models, our models trained with A-LINK perform compa-
rably to the current state-of-the-art (Table 1).

Some of the steps in Algorithm 1 can be replaced with
other variations, thus making the approach generic to the
presence of any covariates in the data. A few of them that
are explored in experiments are:

• We performed experiments with model agnostic noises
(Step 6, Algorithm 1) including Gaussian noise, Salt and
Pepper noise, Speckle noise, Poisson noise, Perlin noise,
and a mixture of these. A mixture of these noises was ob-
served to perform the best on the DFW dataset. It yields
GAR of 87.05% and 88.01% (at 1% FAR) for the Overall
case with no noise and a mixture of Gaussian noise, Salt
and Pepper noise, and Speckle noise, respectively.

• Steps 8 and 11 (Algorithm 1) check for equality by con-
sidering the two outputs as part of a binary classifica-
tion problem. This criterion can be replaced with an-
other rule (Equation 1); in Equation 1, sample size is
a hyper-parameter and can be set as a specific percent-
age of | P1 − P2 | (disparity-ratio). Varying this ratio
in {12.5%, 25%, 50%, normal criteria (defined in Sec-
tion 2.2)} yields a GAR (at 1% FAR) of 88.24 ± 0.32%.

• We tried varying the value of ε in Step 9 ( Algorithm 1).
A higher value of ε corresponds to fewer queries to the
oracle, but at the same time results in lesser data for fine-
tuning M2. Varying ε in {0, 0.05, 0.10} yields a GAR
(at 1% FAR) of 88.39 ± 0.29%, with ε = 0.05 giving the
best results.

• We experiment with existing active-learning techniques.
Uncertainty Sampling selects data instances based on
usefulness; 1 - maximum posterior probability (across
classes). Yang et al. utilize this in their proposed al-
gorithm for diversity maximization [29]. Margin Sam-
pling: selects data instances based on the difference be-
tween the highest and second-highest posterior probabil-
ities (across classes). Wu et al. propose a weighted sam-
pling method for deep embeddings [28]. Entropy Sam-
pling: selects data instances based on entropy; Shanon
entropy over all classes [20]. We ran experiments varying
the upper cap on the number of queries that were made
by the active learning algorithm. Across all ratios, our
algorithm outperforms all of these three active learning
techniques, for both datasets (Tables 1, 2).

We used modAL (https://modal-python.github.io/) for implementing
these active-learning algorithms.



Table 2: Rank-1 classification accuracies for target resolutions: 16× 16, 24× 24, 32× 32, 48× 48, for Multi-PIE.

Resolution Singh M1 (Dense- Uncertainty Margin Entropy Proposed
et al. [22] -Net) Sampling Sampling Sampling A-LINK

16× 16 91.1 89.9 80.5 81.1 81.9 92.4
24× 24 91.8 90.1 86.2 86.7 86.8 92.6
32× 32 91.9 90.2 87.5 87.9 88.0 92.8
48× 48 91.5 90.2 89.4 89.5 89.5 92.9

5.1. Generalization Over CNN Models

As a proof-of-concept of the proposed approach and the
boost in performance it yields, we have also conducted ex-
periments using an L-CSSE model [15] for feature extrac-
tion for DFW. The same boost in performance is observed
in this model as well (Figure 4). Absolute improvements
of 2.45%, 2.02%, and 1.67% are observed in GAR at 1%
FAR for the cases of impersonation, obfuscation and over-
all case of DFW, with and without using A-LINK, respec-
tively. For GAR at 0.1% FAR, absolute improvements are
3.12%, 3.74% and 3.57% for the cases of impersonation,
obfuscation and overall case of DFW, with and without us-
ing A-LINK, respectively. The core of this algorithm lies
in the performance gain it yields: for a model that has
mediocre performance, A-LINK boosts its performance sig-
nificantly and for a model which already performs well, A-
LINK helps further boost its performance.

5.2. Analysis

It is observed that A-LINK required 30-35% less labelled
disguised face images while training the algorithm. For
all three cases of impersonation, obfuscation, and overall
performance of DFW, a proportionate mixture of Gaussian,
Speckle, Perlin and Salt-Pepper noise outperforms individ-
ual variations for the noises it uses. To assess the impor-
tance of noise addition in A-LINK, we also compare the
proposed model with the variation that does not add any
noise (M2 after A-LINK: no noise). As expected, the vari-
ation of A-LINK with no noise is outperformed by the one
with multiple types of noise. Tuning mixture ratio sig-
nificantly alters performance: a 1:1 ratio of noisy disguised
images and clean undisguised images work best. Increasing
the ratio of noisy images tends to make M2 overfit on noisy
images, whereas increasing the proportion of unperturbed
images tends to dilute the effect of images with added noise.

To study the effect of actively selecting samples while
fine-tuning M2, we performed experiments on the varia-
tion in which M2 is trained without running A-LINK; us-
ing all available labelled disguised-faces data (M2 without
A-LINK). This variation outperforms the version of M2

trained on only partially available labelled samples and not
fine-tuned by A-LINK. However, the proposed model out-
performs this variation in all cases by a significant margin.

For an estimate of the performance boost M2 gains af-
ter executing A-LINK, we also report metrics for M2 be-
fore the algorithm is run (M2 before A-LINK). As visible
in ROC curves (Figure 3), all of the models get a significant
increase in their performance.

5.3. Performance on Multi-PIE Database

To further reinforce the boost in performance provided
by A-LINK, we observe results on the Multi-PIE dataset as
well. Similar to the evaluation setup described by Singh et
al. [22], we report Rank-1 identification accuracies for sev-
eral target resolutions: 16× 16, 24× 24, 32× 32, 48× 48.
While Singh et al. focus on synthesizing high-resolution
images, the proposed algorithm focuses on the feature ex-
traction level. It can be observed that in addition to out-
performing base models, our models trained with A-LINK
outperforms current state-of-the-art (Table 2) on Multi-PIE.

6. Conclusion
The proposed A-LINK algorithm combines concepts

from active learning and domain adaptation to successfully
boost the performance of a given model. Further, A-LINK
is faster than training a model on all the data points, has low
auxiliary storage requirements, and reduces the number of
labelled examples required significantly, without compro-
mising on the model’s performance. Experimental results
show that A-LINK leads to significant improvements while
fine-tuning a model, for all three cases of the DFW dataset;
impersonation, obfuscation and overall. It even comes close
to outperforming the current state-of-the-art. Our algorith-
mic framework shows good generalization: generalizing
across featurization models (L-CSSE, Densenet) as well as
different covariates: disguise in DFW, low resolution in
Multi-PIE. Since A-LINK is generic, it can be used to in-
corporate more sophisticated active-learning criteria, along
with variations of noise, while fine-tuning the model under
consideration.
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