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Figure 1: The Families In the Wild (FIW) dataset [33, 40] used to support RFIW. To the left of tree icon is a subset of the Bruce
Lee family gallery chosen at random, and to the right are family photos of different families randomly selected.

ABSTRACT
Recognizing Families In the Wild (RFIW), the first large-scale auto-
matic kinship recognition challenge, consisted of two tracks, kin-
ship verification and family classification. The challenge was hosted
in preparation for a Data Challenge Workshop during the 2017 ACM
MM conference. In the end, 10 teams completed the challenge, sev-
eral then submitted papers on the techniques and algorithms used.
This paper reviews the evaluation phase of RFIW by introducing
task protocols, reporting results, and summarizing various sub-
missions. A discussions about kinship recognition that spans past,
present, and future is then provided. Finally, remarks about the
upcoming workshop are given in terms of the plans, goals, and
hopes for RFIW2017.
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1 INTRODUCTION
Automatic kinship recognition is relevant in an abundance of use
cases. For instance, it could be used for forensic investigations, auto-
matic photo library management, historic lineage and genealogical
studies, social-media analysis, cases of missing children and hu-
man trafficking, contemporary issues involving immigrants, their
families and border patrol, and problems involving refugees, both
homeland and abroad.

If so relevant and useful, then why has kinship recognition tech-
nology not yet transitioned from research-to-reality? For starters,
researchers have lacked a data supply large enough to sufficiently
mimic real-world data that by capturing the distributions of families
found worldwide. Additional to limited data resources, kin-based
tasks tend to be challenging even when compared to other vision
problems (e.g., conventional facial recognition or object classifi-
cation). Thus, modeling kinship poses many challenges. Provided
larger amounts of data with rich label information both reasons
would be satisified,i.e., a data collection truly reflective of the visual
nature of kinship that can support the more complex, data-driven
learning methods (i.e., deep learning). This motivated the construc-
tion and recent release of Families In the Wild (FIW) [33, 40]– the
first large-scale image collection capable of supporting multiple
kin-based tasks.1

1Check out project page for on FIW, http://smile-fiw.weebly.com/.
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Figure 2: Pair counts per category and phase (i.e., Train T,
Validation V, and Test Evaluation E).

FIW aims to bridge the gap between research and reality, for
its size, diversity, rich labels, and image-level metadata packages
much more than its predecessors. Now modern-day deep learning
approaches can now be used in problems of recognizing kinship in
imagery. In the end, FIW made this large-scale kinship recognition
challenge, as part of a ACM MM 2017 Data Challenge Workshop,
possible. Namely, Recognizing Families In the Wild (RFIW), a 2 task
data challenge, supporting kinship verification (one-vs-one) and
family classification (one-vs-many).

The rest of this paper is organized as follows. First, we explain
overviews, data, and protocols for each task separately (Section
2). We then provide baselines, list results, and summarize submis-
sions and report performance ratings (Section 3). Next, we review
previous work related (Section 4) and discuss the impact of ad-
vancing automatic kinship technologies and some potential future
directions this work may take (Section 5).

2 TASK EVALUATIONS AND PROTOCOL
In this section, we review the two tasks (i.e., kinship verification
and family classification). For each task, we provide an overview,
highlight the intended use, and describe the experimental settings
(i.e., data splits and metrics).

2.1 Kinship Verification
The goal of kinship verification is to determine whether a pair of
facial images of different subjects are kin of a specific type (e.g.,
parent-child). This classic boolean problem formulates a one-vs-one
view of automatic kinship recognition, with system responses being
either KIN or NON-KIN (i.e., true or false, respectively).

2.1.1 Intended Use. Prior research mainly considered parent-
child types, i.e., father-daughter (F-D), father-son (F-S), mother-
daughter (M-D), mother-son (M-S). Although less, some attention
was put on siblings, i.e., Sister-Sister (S-S), Brother-Brother (B-B),
and siblings of opposite sex (SIBS). As studies in psychology and

computer vision found, different types of kin share different fa-
milial features, so pair types are typically modeled and evaluated
independent of all others. Thus, additional kinship types would
further both our understanding and capabilities for kinship recog-
nition. With FIW, the number of face pairs accessible for kinship
verification is orders of magnitude greater than all existing kinship
image collections. A subset of the kin types and face pairs were
used for the challenge. Figure 2 lists the pair types and counts used
for RFIW.

2.1.2 Data Splits. FIW contains 644, 000 pairs in total. From
these, 538, 504 pairs of 7 different kin types were used for the chal-
lenge (Figure 2). Face pairs were split into 3 disjoint sets (i.e., Train,
Validation, and Test). Ground truth was provided for Train set and
servers were open for scoring of Validation during Phase 1. Than,
ground truth for Validation was made available during Phase 2.
Finally, the "blind" Test set was available during Phase 3. No la-
bels were provided for the Test set and teams were asked to only
process the Test set to generate submissions and, hence, avoid any
attempt to analyze or understand the Test set. Each set contained
an equal number of positive and negative pairs. Note that there
was no family or subject identity overlapping between sets.

2.1.3 Evaluation Settings & Metrics. Verification accuracy was
the metric used and reported.

2.2 Family Classification
The goal of family classification is to determine which family a
subject belongs to. Prior to testing, multiple face samples for several
members are given for a set of known families (i.e., family classes).
During testing, a face of an unseen subject is given as input, with the
output being the family prediction. Hence, this task is formulated
as a one-to-many, closed-form classification problem.

2.2.1 Intended Use. The goal of family classification is deter-
mine the family that an unseen subject belongs to. This is done by
referencing faces, i.e., families modeled using facial images of all
but the held-out family members, then at test-time the held out
members are used to evaluate on. Types of held out family members
vary by type– from the youngest boy in a family tree that spans
back several generations to a member whom assumes the role of
being a mother, a sister, a daughter, and sits right in the middle of
the family tree.

This is a challenging task that grows in difficulty with an in-
creasing number of families. This is due to the large intra-class
variations of families that are typically tricky to encode and model.
Additional challenges come from the data being unconstrained (i.e.,
faces in the wild). In other words, variations in pose, illumination,
expression, etc., are present– developing algorithms to handle such
data is critical for transitioning from research-to-reality.

In this evaluation, there is a set of faces for each of the several
members from the 227 families. The goal is to identify the family
labels for the family members held out during training split. Families
with at least 5 members are included, and 1 family member is
selected at random to be held out until test time.

2.2.2 Data Spits. FIW includes a total of 1, 001 families with
multiple samples for each of the members, 227 of which are made
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Figure 3: Photos of families sampled randomly from FIW (i.e., 27 of 1, 001).

up of 6 or more members. These 227 families was the subset used
for the challenge.

Similar to Track 1, the data was split into 3 disjoint sets referred to
as Train, Validation, and Test sets. Ground truth for training was be
provided during Phase 1 and the validation data without labels (i.e.,
scoring server was open to evaluate validation set). Then, labels for
Validation were released at the start of Phase 2. Lastly, the "blind"
Test set was released during Phase 3. No labels were provided
for the Test set until after the competition was adjourned. Again,
teams were asked to only process the Test set when generating
submissions to prevent attempts to analyze and or understand the
Test set. No member overlap existed between the different sets (i.e.,
train, val, and test sets).

2.2.3 Evaluation Settings & Metrics. The results for this multi-
class problem will be reported as top 1% error rates.

3 SUMMARY OF SUBMISSIONS
We next review results for each team, with kinship verification and
family classification covered separately for each. First, however, we
describe task-specific baselines.

3.1 Baseline Methods (1.A & 2.A-C)
Track 1– Kinship Verification
We used Centerface (CF) [42], which was proposed as a 22-layer
residual convolutional neural network (CNN) trained on CASIA-
Webface [49] for conventional facial recognition. CF introduced a
new loss referred to a Center-loss. This loss focuses on reducing
intra-class variations, from which state-of-the-art performance was
achieved on several face benchmarks. We used the model provided
by the authors to use as a feature extractor (i.e., used off-the-shelf
to extract face encodings). Face pairs were scored using cosine
similarity.

For CF+FT, we fine-tune the CF model using the data that con-
tains 400 families in training and validation set. The training used
four Titan X GPUs with a batch size 256. The learning rate was
initialized at 0.01, and decreased by a factor of 10 at 400 and then
again at 600 iterations. Training was completed after 800 iterations.

Track 2– Family Classification
To classify the 228 families, we first used one-vs-all linear SVM [4]
as the classifier and utilized two state-of-the-art deep face repre-
sentations, i.e., VGG and Centerface. Further, we fine-tuned a CF
model by replacing the original loss layers with a softmax loss
set to classify the 228 family classes. Same training strategy from
Kinship Verification is used, including learning rate, batch size and
iterations.

3.2 Institute of Computing Technology, China
(1.B)

The authors proposed KinNet, a fine-to-coarse deep metric learning
framework for kinship verification. In the framework, the authors
transfered knowledge from the large-scale-data-driven face recog-
nition task by pre-training the network with massive data for face
recognition. Then, the network was fine-tuned to find a metric
space where kin-related peoples are discriminant. This team ob-
tained top performance in Track 1 and, thus, won 1st place in the
competition. See Figure 4 for the end-to-end framework.

Specifically, the authors adopted different variations of the resid-
ual network [17] as the basic architecture of KinNet. Pre-training
was done on subset of MS-Celeb-1M dataset [16], with the output
dimension of f c − layer set to 41, 856. A softmax loss was added
after the f c − layer to decide between the 41, 856 subjects. While
fine-tuning, the f c − layer was replaced with a new f c − layer of
size 1024D, which was followed by an L2-norm layer to normalize
features to unit length. In the end, a soft triplet-loss was configured
to force the KINs closer and NON-KINs farther apart. Since the
first layer learns the most general representations (i.e., lower-layers
tend to learn more basic filters), the authors froze the bottommost
7× 7 convolution layer and updated other layers to adapt the model
for kinship verification. To increase the number of training images,
as well as balance the number of images per member, the authors
proposed an augmentation strategy that makes each member of
the 300 families contain the same number of images. Finally, the
reported kinship verification result is derived from the fusion of
different models with different network depth and cropped sizes at
the input.
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Table 1: Verification accuracy scores (%) for Track 1 of RFIW2017. Top 3 scores are color coded: 1st (blue), 2nd (red), and 3rd
(orange) highest scores. Reference strings under REF match text description with entry of table.

REF USERNAME F-D F-S M-D M-S SIBS B-B S-S Avg.

1.A BASELINE 68.53 69.02 73.11 71.54 68.37 69.97 75.09 70.81
1.B mysee1989 70.79 71.46 77.87 78.62 79.91 74.77 70.57 74.86
1.C ella 66.89 65.284 72.31 71.68 71.09 64.67 70.11 68.86
1.D DQYCQU 65.196 63.38 70.86 65.22 72.10 64.00 66.51 66.58
1.E viking 61.31 64.22 63.81 63.296 63.58 62.70 64.57 63.22
1.F eranda 60.77 62.15 65.03 63.13 64.59 61.70 64.31 63.097
1.G faud 61.31 61.98 62.30 57.69 63.83 60.60 61.62 61.33
1.H Ji.L 59.95 59.72 61.12 55.69 59.40 57.68 58.30 58.83
1.I BIU-team 56.16 60.594 60.00 54.33 61.205 59.70 58.02 58.21
1.J oualid.laiadi 54.92 55.93 54.89 54.33 57.96 53.38 52.25 54.81

Table 2: Classification accuracy scores (%) for Track 2 of RFIW2017.

REF USERNAME Description Acc.

2.A BASELINE-1 VGG+SVM. 17.20
2.B BASELINE-2 Center+SVM. 9.11
2.C BASELINE-3 Center-Face Fine-tuned with softmax . 24.74
2.D viking Fine-tuned CNN using Center-loss, training FC5 and a new FC6 layer. 29.45
2.E ella Fine-tuned CNN with fc5 layer connected to a centerloss (lossweiдht = 0.001). 29.36
2.F mysee1989 Fine-tuned using new soft-max. 17.62

3.3 East China Normal University (1.C & 2.D)
Track 1– Kinship Verification
These participants fine-tuned a pre-trained VGG-Face CNN [31] (i.e.,
VGG-16) for classification via the family labels. From which they
used an embedding size of 512, instead of the last fully-connected
layer used to identify 300 families. Then, the CNN was fine-tuned
using triplet-loss function [35] on top, as defined in Eq. (1). The
triplet-loss was found as the cosine similarity between two facial
encodings, which slightly differs from [36]. To mine the triplet
pairs, the authors used all positive pairs from each of the seven
relationship types provided during training, then selecting negative
samples using family labels to avoid conflicts (i.e., ensure true neg-
atives, opposed to be another sample or member from that same
family). All models were trained using Adam [21], a batch size of
40, and iteration size of 3. In each batch, two images were used per
class and all positive pairs were sampled. When mining negatives in
one batch, experiments are carried out separately by three methods
which are semi-hard (SH) [36], batch-hard (BH) [18] and batch-all
(BA) [18].

L = (marдin +CSan −CSap)+, (1)

where CS represents the cosine similarity of two feature vectors;
marдin = 0.2 in their work.

Cosine similarity was computed for all pairs of each relationship
type making up the validation set to evaluate the models. Each
of the three negative mining methods were trained for 10 epochs
with reported performance of the best epoch, rather than at the end
of training. They achieved thresholds for each type of kin to use
on evaluation set as ROC curves generated from the validation set.
Since there was no family overlap in the training, validation, and test
set, they selected 7 models for each negative mining method (e.g.,
LBA(averaдemodel)) to average results of validation to improve
thresholds for testing.
Track 2– Family Classification
Utilized the official pre-trained VGG model and employed a soft-
max loss as the loss function to solve this multi-class classification
problem. They too used a Center-loss [43] as auxiliary loss– Center-
loss simultaneously learns class-specific centroids while penalizing
according to the distance between centroids of different classes.
The loss weight of softmax was 1 and the loss weight of CF was
0.001.

3.4 Chongqing University, China (1.D)
Inspired by Maximum Mean Discrepancy (MMD) [2] and Gener-
ative Adversarial Net (GAN) [14], the authors proposed a family
ID based Adversarial contrastive residual Network (AdvNet) for
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KinNet: Fine-to-Coarse Deep Metric Learning for Kinship
Verification

Annoymous Submission
ABSTRACT
Automatic kinship veri�cation has attracted increasing attentions
as it holds promise to an abundance of applications. However, ex-
isting kinship veri�cation methods su�er from the lack of large
scale real-world data. Without enough training data, it is di�cult
to learn proper features that are discriminant for blood-related peo-
ples. In this work, we propose KinNet, a �ne-to-coarse deep metric
learning framework for kinship veri�cation. In the framework, we
transfer knowledge from the large-scale-data-driven face recogni-
tion task, which is a �ne-grained version of kinship recognition,
by pre-training the network with massive data for face recogni-
tion. Then, the network is �ne-tuned to �nd a metric space where
kin-related peoples are discriminant. The metric space is learned
by minimizing a soft triplet loss on the augmented kinship dataset.
An augmented strategy is proposed to balance the amount of im-
ages per family member. Finally, we ensemble four networks to
further boost the performance. The experimental results on the 1st
Large-Scale Kinship Recognition Data Challenge (Track 1) demon-
strate that our KinNet achieves the state-of-the-art performance in
kinship veri�cation.

KEYWORDS
kinship veri�cation, deep metric learning, soft triplet loss, �ne-to-
coarse, data augmentation

ACM Reference Format:
Annoymous Submission. 2017. KinNet: Fine-to-Coarse Deep Metric Learn-
ing for Kinship Veri�cation. In Proceedings of ACM Multimedia Workshop,
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1 INTRODUCTION
Kinship veri�cation aims to determine whether there is a speci�ed
kinship relation within a pair of facial images. Recently, kinship
veri�cation has received increasing attention from computer vi-
sion research community due to its wide potential applications,
e.g., real-time paternity testing, family album organization, social
media analysis, and missing children/parents search. However, it is
a challenge to determine the biological relationship given only two
facial images. To meet the challenge, researchers make e�orts in
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41856 subjects with ~301k images
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Figure 1: Main idea of the proposed KinNet under a �ne-to-
coarse manner. To generalize well on real-world kinship ver-
i�cation, the KinNet is �rstly initialized with a large-scale
data driven task of face classi�cation. Then it is �ne-tuned
for the coarser-grained task by �nding a kinship-speci�c
metric space with soft triplet loss.

discovering appearance resemblance between blood-related people
by various learning methods [2, 3, 6, 10, 14–17, 20–27].

Although some encouraging results are obtained during the
last few years, automatic kinship veri�cation performs poorly in
daily life applications due to the lack of large-scale real-world
datasets. Existing datasets (Family101[2], Cornell KinFace[3], UB
KinFace[17], KinFaceW-I[14], and KinFaceW-II[14]) contain very
few examples and fail to re�ect the true distributions of kinship
relationships. For example, the prevalent KinFaceW-I dataset only
has 156, 134, 116, and 127 pairs of images for father-son, father-
daughter, mother-son, and mother-daughter kinship veri�cation.
Classi�ers trained from the limited-scale dataset fails to generalize
well on real-world facial images with large diversity of appearances,
poses, ethnicity, ages, and so on. Additionally, most image pairs
of blood-related persons are cropped from the same photographs.
The single source of images results in the veri�cation system sensi-
tive to various conditions of illuminations, resolutions, and camera
settings.

In this work, we study the automatic kinship veri�cation prob-
lem by adopting Families in the Wild (FIW) dataset, which is the
largest and most comprehensive image dataset for kinship veri�-
cation, provided by the 1st Large-Scale Kinship Recognition Data
Competition. This competition supply 300 families with totally
10255 images for training. Each family has 3 to 24 members and
each member has 1 to 50 image samples. Relationship between ev-
ery two family members is also provided. Figure 2 shows example
images of some family members and their relationships within a
family in FIW dataset. Facial images in FIW dataset is collected from

Figure 4: Proposed KinNet from Institute of Computer Tech-
nology in China (Ref 1.B). KinNet is first trained for face
recognition on large amounts of data. It is then fine-tuned
for coarser-grained recognition by finding kin-specific met-
ric spaces with a soft triplet-loss.

large-scale (1 Million) kinship recognition. The proposed network
interprets distribution differences between pairs of faces in the first
fully-connected layer (f c − layer ), which tends to minimize the
inter-class discrepancy and maximize the intra-class discrepancy.
In contrast, a contrastive loss was formulated to maximize the inter-
class distance and minimize the intra-class distance in the second
f c−layer . To integrate the family class, a softmax loss was added as
the topmost layer to further improve the recognition performance.
Finally, the feature augmentation was achieved by an ensemble of
features from different deep models (see Figure 6).

3.5 Bar-Ilan University, Israel (1.F)
Proposed novel system that uses deep features to do kinship ver-
ification. As shown in Figure 7, the first step of the system used
VGG-Face [31] to encode faces from the output of the last convolu-
tion layer. These outputs were 7x7x512 feature maps, where each
of the 512 features in the 7x7 pixel-patch was derived from the
spatial local domain in image space.

The next block in Figure 7 depicts the fusion of features from the
two candidate images, i.e., concatenated the two features maps from
the first block to yield a single feature map. Then, they constructed
a concept-convolution filter along each feature, simultaneously. Fi-
nally, a dense layer was added in order to do the binary classification
(i.e., KIN/ NON-KIN).

3.6 University of Biskra, University of
Valenciennes (1.J)

Proposed a framework called LPQ-SIEDA, which was based on
several well demonstrated components (see Figure 5). Specifically,
Side-information based Exponential Discriminant Analysis (SIEDA)
[30] was shown to be more effective than Side-Information based
Linear Discriminant analysis (SILD) [20] in kinship verification.
They also used cosine similarity as distance [29] measure; moreover,
they experimentally proved it to perform better than did Euclidean
distance when applied to this metric learning problem.

The histograms of different patches are concatenated to form a high dimen-
sional feature vector. The features are projected into (SIEDA) space, we use
400 eigenvectors for projection matrix of each type relationships. We cal-
culate the cosine similarity distances between the feature vectors projected
by (SIEDA) of the pair face images. Finally, the receiver operating char-
acteristic (ROC) curve and the mean accuracy are utilized for performance
evaluation. Figure 1 shows our proposed approach.
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Image gray
conversion

Local
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Subspace
reduction

and
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Input
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Figure 1: Our proposed approach.

3. Side-Information based Exponential Discriminant Analysis (SIEDA)

The classes are supervised of each sample in LDA [5] and EDA [6].
LDA and EDA fail in weakly labeled data because the within class scatter
matrix (Sw) and the between class scatter matrix (Sb) must be computed
with full label information. Kan et al. [2] proposed a new representation to
resolve this problem by directly operates the Sw and Sb with the weak side-
information. While, the positive classes pair images are directly utilized to
calculate the within class scatter matrix and the negative classes pair images
are used to compute the between class scatter matrix. Let us point out that
Pclass = {(mi, mj) : l(mi) = l(mj)} as the collection of positive-class image
pairs and Nclass = {(ma, mb) : l(ma)l(mb)} as the collection of negative-class
image pairs, where the image m is represented by the class label l(m). Here,
the within-class and between-class scatter matrices can be represented as

2

Figure 5: Verification framework of LPQ-SIEDA from Uni-
versity of Biskra & University of Valenciennes (Ref 1.J).

4 RELATED WORK
The problem of kinship recognition is fairly new, as research only
dates back to 2010. Ever since, however, many experts have spent
great efforts on this challenging problem [1, 3, 5–13, 15, 19, 22, 23,
25–28, 32–34, 37–41, 44–48, 50–55].

Looking back, a common trend emerged. With each new database
for kinship recognition came a wave of attention and progress.
Moreover, as the databases grew and evolved so did the technical
approaches– the story of automatic kinship recognition follows
that of its supportive data, where each database marked a major
milestone in the journey from 2010 to now (i.e., CornellKin [12] to
FIW [33, 40]). Thus, to review the related work it is most natural to
do so in reference to these milestones. We now review these critical
moments in reverse chronological order.

Besides FIW, the last datasets released were KinWild I and II [28].
As done with FIW in RFIW, KinWild was used in a IEEE FG 2015
Data Challenge [26]. KinWild I and II support 4 pair types (i.e.,
parent-child). KinWild I contains about 150 face pairs per each
of the 4 categories, and KinWild II contains 250 face pairs per
category. KinWild I and II differ in terms of the source of face
images– KinWild I uses face pairs from the same source image,
while KinWild II uses faces from different images). The larger of the
two sets, KinWild II, has a total of 1, 000 pairs and 4 different pair
types– FIW has 644, 000 pairs and 11 types, 4 provided to the vision
community for the first time (grandparent-grandchild, which were
left out of RFIW). In terms of diversity, [24] obtained state-of-art
on KinWild using just simple similarity functions (e.g., SSIM and
color features) directly on the face pairs. From this, the authors
made the supported claim that KinWild insufficiently represents
the visual nature of kinship. Meaning it is unequipped to bridge the
gap between research and reality– a hurdle overcome with FIW.

Nonetheless, KinWild has had a great impact, as many advances
in kinship verification were made possible by it. Until FIW, KinWild
was the largest dataset for verification.

One year prior, Family101 was released [11]. However, it was
built to support a different task, family classification. Family101
consists of 101 non-overlapping families (i.e., unique family trees)
that include 607 different subjects. Like KinWild later did for ver-
ification, Family101 attracted much attention to what was then
the new kin-based recognition problem (i.e., family classification).
The time has come to update our data resources to further advance
automatic kinship recognition. This brings us to the goal of FIW:
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Figure 2: Overview of the proposed multiple deep nets based ensemble method for kinship verification. Three
AdvNets with di↵erent loss and architecture, and one VGG-Face model are fused for feature augmentation.
Euclidean distance is used for face verification.

hard to discover. Recently, many proposals based on hand-
crafted low-level features (e.g. LBP, SIFT, etc.) have been
tried. A representative work by Lu, et al. [13] was proposed
to compress the distance of intra-class face pairs while repulse
the inter-class face pairs in a neighborhood. Besides a single
feature, multiple features were also jointly used for learning a
discriminative metric to achieve better performance. However,
these low-level features cannot well represent the underlying
kin-relation implied in facial images. Thus kinship verification
performance is restricted.

In recent years, convolutional neural networks (CNNs) in
computer vision has obtained a huge success [1, 6, 9]. Due
to its large-scale discriminative learning ability, deep CNNs
have greatly boosted the face recognition performance to an
unprecedent level [15, 17]. Recently, CNN has also been used
in kinship verification [10, 25]. Although these CNN based
algorithms greatly promote kinship verification on existing
tasks such as KinFaces [13], CNN on large-scale kinship tasks
is still under-studied. The existing methods usually adopt-
ed single loss function, such as softmax loss [25] or triplet
loss [14], to train a CNN network from scratch. However,
di↵erent from those typical face recognition, the intra-class
distribution di↵erence between pair-wise samples is not that
significant, and therefore the general deep model cannot well
interpret the kin-faces. In this paper, inspired by maximum
mean discrepancy (MMD) [12] and generative adversarial
nets (GAN) [5], a novel adversarial loss is proposed to inter-
pret the distribution di↵erence between pair-wise faces in the
first fully-connected layer, which tends to minimize the inter-
class discrepancy and maximize the intra-class discrepancy.
In contrast, a contrastive loss is formulated to maximize the
inter-class distance and minimize the intra-class distance in

the second fully-connected layer. For integrating the family
class, a softmax loss in the last layer can be further formu-
lated to improve the recognition performance. Finally, the
feature augmentation is achieved by ensemble of features
from di↵erent deep models, which is shown in Figure 2.

Our major contributions can be summarized as follows:
- Inspired by GAN, we proposed a new MMD based adver-

sarial loss function (AL in short), which is used to increase
the learning di�culty of convolutional network model, such
that the intra-class distribution discrepancy is minimized and
the inter-class discrepancy is maximized. The robustness of
deep kin-features is improved.

- In order to decrease the intra-class variation while in-
creasing the inter-class discrepancy, the proposed adversarial
loss is combined with the modified contrastive loss (CL in
short) and the family ID based softmax loss (SL in short) and
formulates an AdvNet model which has a residual structure.
The discrimination of deep kin-features is improved.

- Ensemble based feature augmentation is proposed in our
method. We concatenate the deep features of multiple Ad-
vNets and VGG-Face net, to further improve the verification
performance of our proposed approach. The generality of
deep kin-features is improved.

2 RELATED WORK

The existing work in kinship verification and deep convolu-
tional networks are briefly introduced in the following.

2.1 Kinship Verification

Kinship verification based on facial image content is an chal-
lenging problem in computer vision. In recent years, there
have been many typical algorithms [16]. Some of them are

Figure 6: Framework used for kinship verification by team from Chongqing University (Ref 1.D).

collect family photos of 1, 000 unique family trees that span back a
couple-to-several generations (i.e., FIW consists of 1, 001 families).
FIW contains nearly 6, 000 unique subjects from nearly 13, 000 fam-
ily photos and, hence, each family averages around 6 members and
13 images each. A majority of these images are family photos– with
over 30, 000 faces in total there is an average of about 3 relatives
per photo. Note that only members of the respective family in the
photo are counted, while all other faces are currently left-out of the
image collection.

Stepping back another year, to 2012, UB KinFace [44] put em-
phasis on the effects of aging on kinship verification. The dataset
includes 200 families, 400 people, and 600 images. The authors
followed a transfer learning paradigm to transfer the knowledge
learned from an easier task of “young parent – child” to the hard
task “old parent – child”. This work was later extended to the pars-
ing of family photos using social cues found in photos.

Instead of pairs, TSKinFace [32] supported verification of kinship
between two known parents and a single child. This was the first
attempt to use faces of more than two subjects in kinship recogni-
tion. The goal then was to verify whether a child belonged to a pair
of parents. An interesting perspective indeed, as several use-cases
follow this setting. For instance, let us consider a scenario involv-
ing a child kidnapped and exploited online. If authorities stumbled
upon this media, then vision technology could help identify the
child. The problem here is it is unlikely that this young child is in
any accessible database. However, chances are much higher that
data on one or both parents are accessible. With the parents ID, the
child’s ID can then be inferred. In fact, this works with other family
members as well. In essence, kinship serves as a powerful cue that
greatly reduces the search space through family bonds. Now, this
view to the problem can be explored, and on scales much larger
than ever before, with FIW .

Finally, in 2010, the seminal work in [12] introduced CornellKin,
which is made-up of parent-child pairs that were the first used to
do kinship verification. Just like the others mentioned, [12] had

great impact and was the first to publish on kinship recognition in
the machine vision community.

Each major database released for kinship recognition proved
critical to the advancement of this line of technology. Considering
the incomparable size of FIW– in terms of the amount of data and
types of labels– we expect great progress to had in the coming years.
Not only will studies be conducted with sample sizes large enough
to draw decisive conclusions, but the rich label information will
pave the way to new ways of viewing, formulating and, thus, evalu-
ating the problem of kinship recognition. In the end, FIW provides
the data required to accurately reflect the true data distribution
of families around the globe. Furthermore, vast collection of data
enables deep learning models to be applied to kinship recognition
like never before possible. To kick things off, we organized this data
challenge as a somewhat constrained (i.e., well defined) evaluation.
We expect much more to come from FIW.

5 DISCUSSION
5.1 A Broader Impact
The size of FIW, along with the labels representing complex family
structures of 1, 001 families, make it difficult to predict the exact
future directions efforts on it will take (i.e., many possibilities, each
with high potential). For starters, improving upon existing bench-
marks, as was the focus of RFIW. Also, adding new kin-based tasks
and benchmarks could be next (e.g., search & retrieval). Aside from
evaluations, cross-discipline studies (e.g., nature-based) are too in-
teresting directions. Even a more advanced analysis of the data
making up FIW could also prove insightful, or, at the very least,
help further characterize the data resource itself. The possible di-
rections listed here are still far from exhausted. It is fair to say that–
whether experimental, analytical, algorithmic, biological, practical–
it is exciting to ponder on the many different directions others will
imagine and propose once FIW is released.
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Figure 4: Modi�ed convolution layer

each epoch we use all the data for training and that is because we
want to prevent over��ing the training data (the over��ing is very
noticeable), for each epoch we have a condition which says we are
training on the speci�c data only if it contributes to the total val
accuracy or if it is improving the accuracy for the speci�c trained
data, if the condition is not ful�lled we remove this class of data
and not train on it. In order to succeed in preventing the over��ing
�� for each epoch we changing the order of the training data
considering the validation accuracy this data gained in the previous
epoch, starting from the lowest-score data-set to the highest. For
testing the network we ensemble the trained modi�ed convolution
layer to the two VGG-FACE networks to get the predictions, we
then make an hard decision with threshold of 0.5

5 RESULTS FOR THE RFIW CHALLENGE
5.1 Validation Data-Set Results
We will start with stating the results we had with the validation
data-set. Here is the place for mentioning that the images for the
validation set are di�erent from the training data as the case for
the test data. �e result are summarized in Table 1

Table 1: Accuracy For Validation Data-Set

Data-Set Accuracy
Brother-Brother 0.6731

Father-Son 0.6689
Father-Daughter 0.6697

Mother-Son 0.6458
Mother-Daughter 0.6544

Sister-Sister 0.5928
Siblings 0.6503
Average 0.6507

5.2 Test Data-Set Results
�e results which are shown below are from the test data provided
in the challenge, as mentioned in section 4.3 we are using the train

data for training and the validation data for validation and decide
what will be the order of the training, that being said, we are not
using the validation data for training. �e results are taken from
the RFIW site [1] and shown in table 2

Table 2: Accuracy For Test Data-Set

Data-Set Accuracy
Brother-Brother 0.6431

Father-Son 0.6215
Father-Daughter 0.6077

Mother-Son 0.6459
Mother-Daughter 0.6313

Sister-Sister 0.6170
Siblings 0.6503
Average 0.6310

5.3 Training Results
In the next graphs one can see the training procedure for the case
of training on the task for brothers classi�cation with the progress
of the epochs. In �gure 5a one can see the accuracy for the training
data per epoch and per mini dataset5, as we can see from the graph,
in the �rst epoch we are training on all the data-sets and further
we stop training on three mini datasets while continue on training
on the brother dataset. In �gure 5b one can see the loss for the
training data, here, as well, we can see the continuing decrees in
loss for the training data per mini dataset. In �gure 6a one can see
the resulting accuracy for the brother classi�er which takes into
account the training mechanism we described above. �e resulting
classi�er gets a validation accuracy pick a�er seeing all the training
examples and a�er the �rst epoch. One can also see the minimum in
the validation loss a�er one epoch in �gure 6, in this graph we can
see the validation loss resulting in the training mechanism. At the
end of the training the resulting classi�er for the brothers, has 0.91
accuracy for the training data and 0.67 accuracy for the validation
5mini dataset - one part of the data set, brothers only, sisters only etc.

Figure 7: Modified convolution layer proposed by Team from Bar-Ilan University (Ref 1.F).

We anticipate that the Data Challenge Workshop itself will serve
as a perfect opportunity to reflect on the current state of kinship
recognition technologies, while also addressing questions concern-
ing future directions and the next steps. We expect the following
to spring up from the upcoming workshop during ACM MM 2017:

I. Cover the current state in kinship recognition;
II. Review data challenge submissions, hand out awards, and

learn from top teams;
III. Discuss future directions for FIW and review aspects of it

yet to be exploited (i.e., text metadata, new task evaluations,
and more);

IV. Extend our list of practical uses of automatic kinship recog-
nition technologies, and spread word to those focused on
kinship-based technologies of this rich resource we have;

V. Attract newcomers to the problem, and also capture the
interest of experts;

VI. Identify shortcomings of the evaluation to improve, along
with what is working well;

VII. Establish cross-discipline studies between life sciences and
machine vision communities;

VIII. Lay framework for the open-source community to join in
the continued effort made possible with FIW and supporting
SW tools that will be made public.

5.2 Conclusion
RFIW 2017 served as an ice-breaker for more big things to come
for FIW and kinship recognition as a whole. All-in-all, the data
challenge was a success. We established competitive benchmarks
for both tasks. Additionally, source code for several of the methods
reported in this paper will be available for download as part of the
upcoming FIW API, with the hope such resources (to be introduced
and demoed during workshop) will lessen the learning curve for
newcomers, while still challenging the experts with the FIW data-
base (i.e., challenge the experts, while enabling newcomers). Thus,
the story of FIW, as we see it, has only begun.
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