
IMPROVING FACE CLUSTERING IN VIDEOS

A Dissertation Presented

by

SOUYOUNG JIN

Submitted to the Graduate School of the
University of Massachusetts Amherst in partial fulfillment

of the requirements for the degree of

DOCTOR OF PHILOSOPHY

February 2020

College of Information and Computer Sciences



c
 Copyright by SouYoung Jin 2020

All Rights Reserved



IMPROVING FACE CLUSTERING IN VIDEOS

A Dissertation Presented

by

SOUYOUNG JIN

Approved as to style and content by:

Erik Learned-Miller, Chair

Subhransu Maji, Member

Liangliang Cao, Member

David Huber, Member

James Allan, Chair of the Faculty
College of Information and Computer Sciences



DEDICATION

To my parents,

ChangWhan Jin and Kyung Me Song,

Whom I love the most.



ACKNOWLEDGMENTS

Right before I started writing this Acknowledgment page, I wrote an email to my advi-

sor, Prof. Erik Learned-Miller, to give him my progress on this thesis writing. The email,

which might be my last official research progress report to my advisor, made me look back

my previous 5.5 years of Ph.D. student life. I first met Erik when I was visiting Amherst

as a visiting student for prospective Ph.D. study. I was not sure about my future, but I was

deeply impressed by Erik who was very tall and a very nice professor, and we had our

first picture together on that day. During the long journey of my Ph.D. life, Erik always

has played a very important role. Whenever I was not sure about myself, he pushed me

to work harder, think deeper, and encouraged me to continue my study. There were many

difficult moments. Two months before my first submission in 2016, I was struggling to

produce the first baseline result. Erik came to my cubicle and said that “You will be in a

big trouble if you don’t make this project working. What are the things required? Do the

things right away!!!”. It was pretty strict and harsh for me, but pushed me forward and

helped me evolve me to the next level. It was a very difficult moment to me, but he helped

me to overcome the difficulty. This work was eventually published in ICCV 2017, and it

was also my first paper with Erik during my Ph.D. study. Without Erik, I would not have

improved this much. He is the best advisor and a very passionate researcher. I wish I could

be as successful as Erik, not just in doing research, but also being a good mentor who can

also guide junior researchers such as me to achieve their goals.

I am also very appreciate to all of my lab members, my thesis committee members, and

all of my collaborators. On my Ph.D. defense day, the school campus was closed due to

the snow storm, but all of committee members (Prof. Subhransu Maji, Prof. Liangliang

Cao, Prof. David Huber, Prof. Erik Learned-Miller) were willing to attend my talk even

v



in the bad weather condition. They also gave me a lot of valuable feedback and helped

me improve my thesis. I especially want to express my gratitude to Prof. Maji, who is co-

leading the Vision Lab. His energy and passion in research has opened my eyes to broader

world to research.

I would also like to thank my dear collaborators: Dr. Lei Zhang in Microsoft Redmond,

Dr. Chris Stauffer in Facebook and VSR, and Prof. Rosemary Cowell in the department of

Psycological and Brain Sciences in UMass Amherst.

This long journey might not be possible if my fellow friends were not next to me. I

appreciate all my friend relations here in Amherst, and cherish all my memories in my life.

First, I would like to thank Eunjung Jee, Kyeongmin Rim, Shinyoung Cho, and Andrew

ByungWook Chung, who are always next to me as a part of my family in Amherst. Thanks

to God, I could join the wonderful Vision Lab and had opportunities to meet many valuable

friends in my life. I would like to say thank you to all of my lab mates, including Pia,

Aruni, Jong-Chyi, Tsung-Yu, Ashish, Chenyun, Matheus, Gopal, Zezhou, Mikayla, Hang

and Huaizu. Especially, I would like to mention two of these names: Ashish Singh and

Tsung-Yu Lin. Ashish always tells me that I am the best scholar in the world, even though

he witnessed many of my struggling moments. Those words indeed made me believe in

myself and keep working hard. Lastly, I am very blessed that I could find my best friend

here in UMass, Tsung-Yu, who co-entered/graduated UMass together.

Finally, I give props to my lovely family and fiancé who are always there to support me
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ABSTRACT

IMPROVING FACE CLUSTERING IN VIDEOS

FEBRUARY 2020

SOUYOUNG JIN

B.Sc., DONGGUK UNIVERSITY

M.Sc., KOREA ADVANCED INSTITUTE OF SCIENCE AND TECHNOLOGY

Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Erik Learned-Miller

Human faces represent not only a challenging recognition problem for computer vision,

but are also an important source of information about identity, intent, and state of mind.

These properties make the analysis of faces important not just as algorithmic challenges,

but as a gateway to developing computer vision methods that can better follow the intent

and goals of human beings. In this thesis, we are interested in face clustering in videos.

Given a raw video, with no caption or annotation, we want to group all detected faces

by their identity. We address three problems in the area of face clustering and propose

approaches to tackle them.

The existing link-based face-clustering system is sensitive to a false connection between

two different people. We introduce a new similarity measure that helps the verification sys-

tem to provide very few false connections at moderate recall. Further, we also introduce

a novel clustering method called Erdős and Rényi clustering, which is based on the obser-

vations from a random graph model theory, that large clusters can be fully connected by
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joining just a small fraction of their node pairs. Our results present state-of-the-art results

on multiple video data sets and also on standard face databases.

What happens if faces are not sufficiently clear for direct recognition, due to the small

scale, occlusion, or extreme pose? We observe that, when humans are uncertain about

the identity of two faces, we use clothes or other contextual cues, e.g. specific objects or

textures, to infer identity. With this observation, we propose the Face-Background Network

(FB-Net), which takes as input not only the faces but also the entire scene to enhance the

performance of face clustering. In order for the network to learn background features that

are informative about the identity, we introduce a new dataset that contains face identities

in the context of consistent scenes. We show that FB-Net outperforms the state-of-the-art

method which uses face-level features only for the task of video face clustering.

The performance of face clustering depends on a good face detector. However, improv-

ing the performance of a face detector requires expensive labeling of faces. In this work,

we propose an approach to reduce mistakes of the existing face detector by using many

hours of freely available unlabeled videos on the web. Specifically, with the observation

that false positives/negatives are often isolated in time, we demonstrate a method to mine

hard examples automatically using temporal continuity in videos. In particular, we analyze

the output of a trained detector on video sequences and mine detections that are isolated

in time, which is likely to be hard examples. Our experiments show that re-training detec-

tors on these automatically obtained examples often significantly improves performance.

We present experiments on multiple architectures and multiple data sets, including face

detection, pedestrian detection, and other object categories.
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CHAPTER 1

INTRODUCTION

Videos are good sources to get to know about something we have not experienced be-

fore. We eventually want an AI system to watch a video and learn human life through it,

and the �rst step to make this possible is to help the machine understand videos,i.e. video

understanding. Building a video understanding system requires many essential compo-

nents, such as object detection, tracking, recognition, and sentiment analysis. In this thesis,

we are interested in the topic offace-clustering in videos– a problem of grouping faces in a

video so that each group contains a unique individual [32, 19, 55, 125]. Speci�cally, given

a raw video, with no caption or annotation, we want to group all detected faces by their

identity. The topic of face-clustering is one of the important topics in video understanding,

not only because the topic has many applications but also because of the dif�culty that ma-

chines have in solving this problem. On the other hand, humans are good at identifying the

faces of the same person even under severe poses and occlusions without paying too much

attention to it.

For face clustering, the link-based clustering algorithm [102] is one of popularly used

algorithms. In this chapter, we �rst give an overview of how the link-based clustering

algorithm works on faces (Chapter 1.1). Then, we address three important problems in the

area of face-clustering (Chapter 1.2).
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1.1 Link-Based Clustering Algorithm for Face Clustering

Suppose we have a face-detector and run the detector on every frame in a video. Each

of the detected faces is considered as a node in a graph. Our goal is to connect nodes from

the same identity while separate the nodes from two different identities.

To do that, we �rst compute a pairwise distance matrix between all nodes with a dis-

tance (or similarity) measure, e.g.`2-distance, which indicates how different (or similar)

two faces are. Speci�cally, given a face recognition network that is trained to identify mul-

tiple people, we compute the embedding for each node, by using a pre-classi�cation layer

of features from the network. Then, we create a link between nodes only if a distance score

is below a certain threshold. Finally, connected nodes are formed as a cluster.

1.2 Problems and Contributions

In this thesis, three important problems in the area of face-clustering are addressed. We

also propose novel approaches to tackle the problems. Firstly, we propose a new link-based

clustering algorithm with a new similarity measure between faces for better face-clustering.

Secondly, we introduce a novel network architecture that takes as input both the target face

and the entire corresponding video frame in order to incorporate additional information

outside faces for person-identity clustering in videos. Finally, a new method is proposed

for pseudo-labeling that uses temporal consistency cues from unlabeled videos to mine

large amounts of hard examples without human annotation.

1.2.1 Improving Face-Clustering Using Erd�os-Ŕenyi Clustering

Existing link-based face-clustering system creates a link between two faces based on a

face veri�cation system. However, in the link-based clustering system, just a single incor-

rect connection between two different people can lead to poor clustering results. Thus, in

Chapter 3, We introduce a novel veri�cation method,rank-1 counts veri�cation, that pro-

vides very few false connections at moderate recall. We then introduce a novel clustering
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method, motivated by the classic graph theory results of Erd�os and Ŕenyi [30], which is

based on the observations that large clusters can be fully connected by joining just a small

fraction of their point pairs. Finally, the rank-1 counts veri�cation is used in the link-based

clustering scheme.

We make three contributions in this work:

� A new approach to combining high-quality face detection [54] and generic track-

ing [104] to improve both precision and recall of our video face detection.

� A new method,Erd�os-Ŕenyi clustering, for large-scale clustering of images and

video tracklets. We argue that effective large-scale face-clustering requires face veri-

�cation with fewer false positives, and we introducerank-1 counts veri�cation, show-

ing that it indeed achieves better true positive rates in low false positive regimes.

Rank-1 counts veri�cation, used with simple link-based clustering, achieves high

quality clustering results on three separate video data sets.

� A principled evaluation for the end-to-end problem of face detection and clustering

in videos; until now there has been no clear way to evaluate the quality of such an

end-to-end system, but only to evaluate its individual parts (detection and clustering).

1.2.2 Improving Face-Clustering Using Face-Background Network (FB-Net)

What happens if faces are not suf�ciently clear for direct recognition, due to distance,

occlusion, or other factors? When faces are not clearly visible, humans may use clothes

or other contextual cues to infer identity. Inspired by this, in Chapter 4, we propose the

Face-Background Network (FB-Net), which takes as input not just faces but also the entire

scene to enhance face-clustering. In order for the network to learn background features

that are informative about identity, we introduce a new dataset that contains not just face

identities but also faces in the context of consistent scenes. These images contain views

of the same characters from different shots within the same scene, allowing the network

3



to learn how consistent identities are correlated with consistent scene elements, especially

the same scene elements from different points of view. Thus, the dataset can help the

network learn not just face level features, but also parts of the background that can improve

face-clustering. Our FB-Net uses a transformer module [128] in a novel way to learn

useful scene level features that improve face veri�cation and hence face-clustering. Our

results show that FB-Net outperforms the state-of-the-art method, which exploits face-level

features only, in video face-clustering.

This work contains the following contributions:

� We introduce the FB-Net that takes as input not just faces but also the entire scene to

enhance face-clustering.

� The FB-Net is trained with a transformer module in a novel way to learn useful

scene level features with face/background processors. The learned embeddings are

evaluated on the test videos in which the network has never seen the actors before.

FB-Net outperforms the state-of-the-art method which exploits face-level features

only.

� To make the network to learn background features that are informative about identity,

we provide a new dataset that allows the network to learn consistent scene elements

from different points of view.

1.2.3 Improving Face-Detection by Training with Hard Example Mining

The performance of face-clustering depends on a good face-detector, while an existing

face-detector also makes mistakes. However, improving the performance of a face-detector

requires expensive labeling of faces. In Chapter 5, we propose an approach to reduce mis-

takes of the existing face-detector by using many hours of freely available unlabeled videos

on the web by usingtemporal continuity. Speci�cally, important gains have recently been

obtained in object detection by using training objectives that focus onhard negativeex-

amples, i.e., negative examples that are currently rated as positive or ambiguous by the
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detector. These examples can strongly in�uence parameters when the network is trained

to correct them. Unfortunately, they are often sparse in the training data and are expensive

to obtain. In this work, we show how large numbers of hard negatives can be obtained

automaticallyby analyzing the output of a trained detector on video sequences. In particu-

lar, detections that areisolated in time, i.e., that have no associated preceding or following

detections, are likely to be hard negatives. We describe simple procedures for mining large

numbers of such hard negatives (and alsohard positives) from unlabeled video data. Our

experiments show that retraining detectors on these automatically obtained examples of-

ten signi�cantly improves performance. We present experiments on multiple architectures

and multiple data sets, including face detection, pedestrian detection, and other object cat-

egories.

In this work, we have three contributions as follows:

� We use temporal consistency cues from unlabeled videos to mine large amounts of

hard examples without human annotation.

� We show improvements using standard architectures on well-known Pedestrian and

Face detection benchmarks.

� Our hard-example mining can be easily extended to other categories, utilizing the

abundance of unlabeled videos on YouTube for almost any object category.
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CHAPTER 2

RELATED WORK

In this chapter, we �rst discuss face tracking and then the problem of clustering faces

in videos (Chapter 2.1). Then, we review work related to the recognition of characters in

videos and movies (Chapter 2.2). We also review previous work related to using contextual

cues in recognition of a person of interest (Chapter 2.3). Finally, we discuss object detection

(Chapter 2.4).

2.1 Face Tracking and Clustering in Videos

We can divide the face clustering work into two categories: fully unsupervised and with

some supervision. We then discuss prior work using reference images.

Recent work onrobust face tracking[124, 98, 85] has gradually expanded the length of

face tracklets, starting from face detection results. Ozerovet al. [85] merge results from dif-

ferent detectors by clustering based on spatio-temporal similarity. Clusters are then merged,

interpolated, and smoothed for face tracklet creation. Similarly, Rothet al. [98] generate

low-level tracklets by merging detection results, form high-level tracklets by linking low-

level tracklets, and apply the Hungarian algorithm to form even longer tracklets. Tapaswiet

al. [124] improve on this [98] by removing false positive tracklets.

With the development of multi-face tracking techniques,the problem of clustering TV

charactershas also been widely studied [123, 46, 32, 10, 139, 138, 126]. Given precom-

puted face tracklets, the goal is to assign a name or an ID to a group of face tracklets with

the same identity. Wuet al. [139, 138] iteratively cluster face tracklets and link clusters

into longer tracks in a bootstrapping manner. Tapaswiet al. [126] train classi�ers to �nd
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thresholds for joining tracklets in two stages: within a scene and across scenes. Similarly,

in Chapter 3, we aim to generate face clusters in a fully unsupervised manner.

Though solving this problem may yield a better result for face tracking, some forms of

supervision speci�c to the video or characters in the test data can improve performance.

Tapaswiet al. [123] perform face recognition, clothing clustering and speaker identi�ca-

tion, where face models and speaker models are �rst trained on other videos containing

the same main characters as in the test set. In [32, 10], subtitles and transcripts are used

to obtain weak labels for face tracks. More recently, Hauriletet al. [46] solve the prob-

lem without transcripts by resolving name references only in subtitles. Our approaches

in Chapter 3 and Chapter 4 are more broadly applicable because it does not use subtitles,

transcripts, or any other supervision related to the identities in the test data, unlike these

other works [123, 46, 32, 10].

A standard procedure for face clustering is to leverage constraints in a video by learn-

ing cast-speci�c metrics [19, 138, 139, 140] by considering face images within tracks as

similar. The constraints can be further used to jointly �ne-tune face representations [155].

Recent methods have focused on using temporal consistency to identify false positive and

missed detections and improve clustering performance [55] and using inductive biases in

the representation space [125].

As in the proposed veri�cation system in Chapter 3, some existing work [21, 45] uses

reference images. For example, index code methods [45] map every single image to a code

based upon a set of reference images, and then compare these codes. On the other hand,

our Erd�os-Ŕenyi Clustering algorithm compares the relative distance of two images with

the distance of one of the images to the reference set, which is different. In addition, we use

the newly de�ned rank-1 counts, rather than traditional Euclidean or Mahalanobis distance

measures to compare images [21, 45] for similarity measures.
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2.1.1 Person Re-Identi�cation

The person re-identi�cation task [89, 156, 24, 63, 70, 157] is de�ned to match pedes-

trians from different non-overlapping cameras. While related, person re-identi�cation is

signi�cantly different from video face clustering in terms of camera setting and lack of di-

verse context. Speci�cally, in the person re-identi�cation task, the camera is assumed to be

stationary all the time. As a result, multiple people can have the same background, which

is often not associative with their identity. Unlike the person re-identi�cation task, the face

clustering task aims to group characters in a video/movie using faces as the primary su-

pervision. In addition, video frames do not always show the whole person body. It is not

guaranteed that a movie character does not change clothes across different scenes. Fur-

thermore, due to constantly changing camera views for the same scene and person, person

re-identi�cation methods cannot be directly applied to the video face clustering problem.

2.2 Face Recognition in Videos

Previous works have addressed the character identi�cation task in videos in a variety

of ways. Due to the availability of multi-modal information from videos, early efforts

focused on using the supervision from transcripts (speaker names and dialogues) [10, 32,

90, 113, 20]. Recent works have further focused on using other forms of multi-modal

context like speech [82] and temporal consistency using face tracks [86, 144]. Apart from

the in-domain context, recent work has also used supervision from web data [2, 83, 129] to

improve performance. Automatic identi�cation methods using only visual data primarily

make use of constraints from different modalities of local context like clothing[123] and

hairstyle [83].

2.3 Context-Based Video Understanding

Contextual information has been widely studied for human and computer vision pre-

diction tasks. Visual context comes in various forms. [25] provides a taxonomy of sources
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of contextual information, and how they can bene�t different stages of visual recognition.

Previous works in different sub-areas of computer vision (object detection [11, 107], scene

understanding [72]) have reported signi�cant performance improvements by using contex-

tual information.

In Chapter 2.3.1, we �rst review the studies on how contexts are used for face detection

and recognition. Then, in Chapter 2.3.2, we discuss attention mechanism to study the

contextual information.

2.3.1 Context for Face Detection/Recognition

Signi�cant improvements have been observed by simultaneously modeling context rep-

resentation for the face detection task [122, 50]. With respect to face or person recognition

in the wild, previous works have demonstrated the utility of additional information from

outside of the face region. This could be attributed to factors like occlusion, pose and illu-

mination variation that make this problem challenging. Early works incorporated multiple

forms of additional cues like clothing, timestamps, scenes, etc [4, 38, 114, 67].

With the advent of deep learning, recent work has focused on obtaining more robust

features by integrating different forms of contextual cues. By combining additional infor-

mation like full-body, pose [151] and weighted full body cues [56] with face-level features,

these methods achieve better performance than only using faces. Further recent works con-

sider social context [60, 64, 52] along with jointly learning representations for multiple

regions of interest (face, head, upper body, whole-body) in identifying the person. In con-

trast, our work focuses on adaptively learning background features (local and global scene

context) that are most informative for matching identities. Unlike the previous methods, in

the FB-Net (Chapter 4), no extra ground-truth annotation is used to learn contextual cues.

2.3.2 Attention in Neural Networks

Recently, a large amount of work has been proposed that utilizes attention, primarily in

the language-related tasks [128, 142]. In videos, attention has been primarily incorporated

9



in tasks like action recognition and video classi�cation. Attention in these tasks have been

formulated in various different ways, including self-attention [132], second-order pooling

or gating [78, 41, 141, 73], human pose [8] and graph-based architectures[133]. In our

FB-Net, we utilize self-attention to learn contextual representation conditioned on the face

region in the image. Unlike [40], we do not use self-attention for the test-time objective,

i.e.classi�cation task. Instead, we utilize the self-attention to learn better face embeddings.

2.4 Object Detection

Convolutional neural networks (CNNs) have recently been applied to achieve state-of-

the-art results in object detection [43, 42, 47, 95, 92, 71, 14, 68]. Many of these object

detectors have been re-purposed for other tasks such as face detection [91, 61, 145, 33,

65, 155, 148, 54, 135, 50, 153] or pedestrian detection [150, 29, 14], [15, 49, 62, 152],

achieving impressive results [53, 146, 27]. In this section, we �rst talk about the approaches

that focus on harder examples to improve performance. We also review the semi-supervised

work for object detection.

2.4.1 Training with Hard Examples

Massive class imbalance is an issue with sliding-window-style object detectors — be-

ing densely applied over an image. Such models see far more “easy” negative samples

from background regions than positive samples from regions containing an object. Some

form of hard negative mining is used by most successful object detectors to account for

this imbalance [22, 26, 34, 43, 42, 47, 108, 150, 69, 131, 118]. Early approaches include

bootstrapping[119] for training SVM-based object detectors [22, 34], where false positive

detections were added to the set of background training samples in an incremental fash-

ion. Other methods [99, 26] apply a pre-trained detector on a larger dataset to mine false

positives and then re-train.
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Hard negative mining has also improved the performance of deep learning based mod-

els [110, 74, 42, 108, 150, 131, 69]. Shrivastavaet al. [108] proposed anOnline Hard

Example Mining(OHEM) procedure,training using only high-loss region proposals. This

technique, originally applied to the Fast R-CNN detector [42], yielded signi�cant gains

on the PASCAL and MS-COCO benchmarks. Linet al. [69] propose thefocal lossto

down-weight the contribution of easy examples and train a single-stage, multi-scale net-

work [68]. The A-Fast-RCNN [134] does adversarial generation of hard examples using

occlusions and deformations. While similar to our work, our model is trained with hard

examples fromreal images and variations are not limited to occlusion and spatial defor-

mations. Zhanget al. [150] show that effective bootstrapping of hard negatives, using a

boosted decision forest [37, 5], signi�cantly improves over a Faster R-CNN baseline for

pedestrian detection. Recentface detectionmethods, such as Wanet al. [131] and Sunet

al. [118], have also used the bootstrapping of hard negatives to improve the performance

of CNN-based detectors — a pre-trained Faster R-CNN is used to mine hard negatives;

then the model is re-trained. However, these methods require a human-annotated dataset

of suitable size. Our unsupervised approach in Chapter 5 does not rely upon bounding-box

annotations and thus can be trained upon potentially unlimited data.

2.4.2 Semi-Supervised Learning

Using mixtures of labeled and unlabeled data is known assemi-supervised learning[12,

18, 136]. Rosenberget al. [97] ran a trained object detector on unlabeled data and then

trained on a subset of this noisy labeled data in an incremental re-training procedure. In

Kalal et al. [57], constraints based on video object trajectories are used to correct patch la-

bels of a random forest classi�er; these corrected samples are used for re-training. Tanget

al. [121] adapt still-image object detectors to video by selecting training samples from un-

labeled videos, based on the consistency between detections and tracklets, and then follow

an iterative procedure that selects the easy examples from videos and hard examples from
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images to re-train the detector. Rather than adapting to the video domain, we seek to im-

prove detector performance on the source domain by selecting hard examples from videos.

Singhet al. [112] gather discriminative regions from weakly-labeled images and then re�ne

their bounding-boxes by incorporating tracking information from weakly-labeled videos.
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CHAPTER 3

END-TO-END FACE DETECTION AND CAST GROUPING IN
MOVIES USING ERD �OS-RÉNYI CLUSTERING

The problem of identifying face images in video and clustering them together by iden-

tity is a natural precursor to high impact applications such as video understanding and

analysis. This general problem area was popularized in the paper “Hello! My name

is...Buffy” [32], which used text captions and face analysis to name people in each frame

of a full-length video. In this work, we use only raw video (with no captions), and group

faces by identity rather than naming the characters. In addition, unlike face clustering

methods that start with detected faces, we include detection as part of the problem. This

means we must deal with false positives and false negatives, both algorithmically, and in

our evaluation method. We make three contributions:

� A new approach to combining high-quality face detection [54] and generic track-

ing [104] to improve both precision and recall of our video face detection.

� A new method,Erd�os-Ŕenyi clustering, for large-scale clustering of images and

video tracklets. We argue that effective large-scale face clustering requires face

veri�cation with fewer false positives, and we introducerank-1 counts veri�cation,

showing that it indeed achieves better true positive rates in low false positive regimes.

Rank-1 counts veri�cation, used with simple link-based clustering, achieves high

quality clustering results on three separate video data sets.

� A principled evaluation for the end-to-end problem of face detection and clustering

in videos; until now there has been no clear way to evaluate the quality of such an

end-to-end system, but only to evaluate its individual parts (detection and clustering).
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Figure 3.1: Overview of approach. Given a movie, our approach generates tracklets (Chap-
ter 3.1) and then does Erd�os-Ŕenyi Clustering and FAD veri�cation between all tracklet
pairs. (Chapter 3.2) Our �nal output is detections with unique character Ids.

3.1 Detection and tracking

Our goal is to take raw videos, with no captions or annotations, and to detect all faces

and cluster them by identity. We start by describing our method for generatingface track-

lets, or continuous sequences of the same face across video frames. We wish to generate

clean face tracklets that contain face detections from just a single identity. Ideally, exactly

one tracklet should be generated for an identity from the moment his/her face appears in a

shot until the moment it disappears or is completely occluded.

To achieve this, we �rst detect faces in each video frame using theFaster R-CNNobject

detector [93], but retrained on the WIDER face data set [147], as described by Jiang et

al. [54]. Even with this advanced detector, face detection sometimes fails under challenging

illumination or pose. In videos, those faces can be detected before or after the challenging

circumstances by using a tracker that tracks both forward and backward in time. We use the

distribution �eld tracker [104], a general object tracker that is not trained speci�cally for

faces. Unlike face detectors, the tracker's goal is to �nd in the next frame the object most

similar to the target in the current frame. The extra faces found by the tracker compensate

for missed detections (Fig. 3.1, bottom of block 2). Tracking helps not only to catch false

negatives, but also to link faces of equivalent identity in different frames.

One simple approach to combining a detector and tracker is to run a tracker forward

and backward in time fromevery single face detectionfor some �xed number of frames,

producing a large number of “mini-tracks”. A Viterbi-style algorithm [35, 23] can then be
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used to combine these mini-tracks into longer sequences. This approach is computationally

expensive since the tracker is run many times on overlapping subsequences, producing

heavily redundant mini-tracks. To improve performance, we developed the following novel

method for combining a detector and tracker. Happily, it also improves precision and recall,

since it takes advantage of the tracker's ability to form long face tracks of a single identity.

The method starts by running the face detector in each frame. When a face is �rst

detected, a tracker is initialized with that face. In subsequent frames, faces are again de-

tected. In addition, we examine each current tracklet to see where it might be extended

by the tracking algorithm in the current frame. We then check the agreement between de-

tection and tracking results. We use the intersection over union (IoU) between detections

and tracking results with threshold 0.3, and apply the Hungarian algorithm[59] to establish

correspondences among multiple matches. If a detection matches a tracking result, the de-

tection is stored in the current face sequence such that the tracker can search in the next

frame given the detection result. For the detections that have no matched tracking result, a

new tracklet is initiated. If there are tracking results that have no associated detections, it

means that eithera) the tracker could not �nd an appropriate area on the current frame, orb)

the tracking result is correct while the detector failed to �nd the face. The algorithm post-

pones its decision about the tracked region for the next� consecutive frames (� = 10). If

the face sequence has any matches with detections within� frames, the algorithm will keep

the tracking results. Otherwise, it will remove the tracking-only results. The second block

of Fig. 3.1 summarizes our proposed face tracklet generation algorithm and shows exam-

ples corrected by our joint detection-tracking strategy. Next, we describe our approach to

clustering based on low false positive veri�cation.

3.2 Erd�os-Ŕenyi Clustering and Rank-1 Counts Veri�cation

In this section, we describe our approach to clustering face images, or, in the case of

videos, face tracklets. We adopt the basic paradigm oflinkage clustering, in which each
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Figure 3.2: Simulation of cluster connectedness as a function of cluster size,N , and the
probability p of connecting point pairs. The �gure shows that for variousN (different
colored lines), the probability that the cluster is fully connected (on the y-axis) goes up as
more pairs are connected. For larger graphs, a small probability of connected pairs still
leads to high probability that the graph will be fully connected.

pair of points (either images or tracklets) is evaluated for linking, and then clusters are

formed among all points connected by linked face pairs. We name our general approach to

clusteringErd�os-Ŕenyi clusteringsince it is inspired by classic results in graph theory due

to Erd�os and Ŕenyi [30], as described next.

Consider a graphG with n vertices and probabilityp of each possible edge being

present. This is the Erd�os-Ŕenyi random graph model [30]. The expected number of edges

is
� n

2

�
p: One of the central results of this work is that, for� > 0 andn suf�ciently large, if

p >
(1 + � ) ln n

n
; (3.1)

then the graph will almost surely be connected (there exists a path from each vertex to

every other vertex). Fig. 3.2 shows this effect on different graph sizes, obtained through

simulation.

Consider a clustering system in which links are made between tracklets by averi�er

(a face veri�cation system), whose job is to say whether a pair of tracklets is the “same”

person or two “different” people. While graphs obtained in clustering problems are not

uniformly random graphs, the results of Erd�os and Ŕenyi suggest that this veri�er can have

a fairly low recall (percentage of same links that are connected) and still do a good job
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connecting large clusters. In addition, false matches may connect large clusters of different

identities, dramatically hurting clustering performance. This motivates us to build a veri�er

that focuses on low false positives rather than high recall. In the next section, we present

our approach to building a veri�er that is designed to have good recall at low false positive

rates, and hence is appropriate for clustering problems with large clusters, like grouping

cast members in movies.

3.2.1 Rank-1 Counts for Fewer False Positives

Our method compares images by comparing their multidimensional feature vectors.

More speci�cally, we count the number of feature dimensions in which the two images

are closer in value than the �rst image is to any of a set of reference images. We call this

number therank-1 countsimilarity. Intuitively, two images whose feature values are “very

close” for many different dimensions are more likely to be the same person. Here, an image

is considered “very close” to a second image in one dimension if it is closer to the second

image in that dimension than to any of the reference images.

More formally, to compare two imagesI A and I B , our �rst step is to obtain feature

vectorsA andB for these images. We extract 4096-D feature vectors from thefc7 layer of

a standard pre-trained face recognition CNN [87]. In addition to these two images, we use

a �xed reference set withG images (we typically setG = 50), and compute CNN feature

vectors for each of these reference images.1 Let the CNN feature vectors for the reference

images beR1; R2; :::; RG. We sample reference images from theTV Human Interactions

Dataset[88], since these are likely to have a similar distribution to the images we want to

cluster.

For each feature dimensioni (of the 4096), we ask whether

1The reference images may overlap in identity with the clustering set, but we choose reference images so
that there is no more than one occurrence of each person in the reference set.
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jA i � B i j < min
j

jA i � Rj
i j:

That is, is the value in dimensioni closer betweenA andB than betweenA and all the

reference images? If so, then we say that thei th feature dimension isrank-1 betweenA

andB. The cumulativerank-1 countsfeatureR is simply the number of rank-1 counts

across all 4096 features:

R =
4096X

i =1

I
�
jA i � B i j < min

j
jA i � Rj

i j
�

;

whereI [�] is an indicator function which is 1 if the expression is true and 0 otherwise.

Taking inspiration from Barlow's notion that the brain takes special note of “suspicious

coincidences” [9], each rank-1 feature dimension can be considered a suspicious coinci-

dence. It provides some weak evidence thatA and B may be two images of the same

person. On the other hand, in comparing all 4096 feature dimensions, we expect to obtain

quite a large number of rank-1 feature dimensions even ifA andB arenot the same person.

When two images and the reference set are selected randomly from a large distribution

of faces (in this case they are usually different people), the probability thatA is closer toB

in a particular feature dimension than to any of the reference images is just

1
G + 1

:

Repeating this process 4096 times means that the expected number of rank-1 counts is

simply

E[R] =
4096
G + 1

;

since expectations are linear (even in the presence of statistical dependencies among the

feature dimensions). Note that this calculation is a fairly tightupper boundon the expected

number of rank-1 featuresconditioned on the images being of different identities, since
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most pairs of images in large clustering problems are different, and conditioning on ”dif-

ferent” will tend reduce the expected rank-1 count. Now if two imagesI A andI B have a

large rank-1 count, it is likely they represent the same person. The key question is how to

set the threshold on these counts to obtain the best veri�cation performance.

Recall that our goal, as guided by the Erd�os-Ŕenyi random graph model, is to �nd a

threshold on the rank-1 countsR so that we obtain very few false positives (declaring two

different faces to be “same”) while still achieving good recall (a large number of same

faces declared to be “same”). Fig. 3.3 shows distributions of rank-1 counts for various

subsets of image pairs from Labeled Faces in the Wild (LFW) [51]. The red curve shows

the distribution of rank-1 counts formismatchedpairs from all possible mismatched pairs

in the entire data set (not just the test sets). Notice that the mean is exactly where we would

expect with a gallery size of 50, at4096
51 � 80. The green curve shows the distribution

of rank-1 counts for the matched pairs, which is clearly much higher. The challenge for

clustering, of course, is that we don't have access to these distributions since we don't know

which pairs are matched and which are not. The yellow curve shows the rank-1 counts for

all pairs of images in LFW, which is nearly identical to the distribution of mismatched

rank-1 counts,since the vast majority of possible pairs in all of LFW are mismatched. This

is the distribution to which the clustering algorithm has access.

If the 4,096 CNN features were statistically independent (but not identically distributed),

then the distribution of rank-1 counts would be a binomial distribution (blue curve). In this

case, it would be easy to set a threshold on the rank-1 counts to guarantee a small num-

ber of false positives, by simply setting the threshold to be near the right end of the mis-

matched (red) distribution. However, the dependencies among the CNN features prevent

the mismatched rank-1 counts distribution from being binomial, and so this approach is not

possible.
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Figure 3.3: LFW distribution of rank-1 counts. Each distribution is normalized to sum to
1.

3.2.2 Automatic Determination of Rank-1 Count Threshold

Ideally, if we could obtain the rank-1 count distribution of mismatched pairs of a test

set, we could set the threshold such that the number of false positives becomes very low.

However, it is not clear how to get the actual distribution of rank-1 counts for mismatched

pairs at test time.

Instead, we can estimate the shape of the mismatched pair rank-1 count distribution

using one distribution (LFW), and use it to estimate the distribution of mismatched rank-1

counts for the test distribution. We do this by �tting theleft halfof the LFW distribution to

the left half of the clustering distribution using scale and location parameters. The reason

we use the left half to �t the distribution is that this part of the rank-1 counts distribution is

almost exclusively in�uence bymismatched pairs. Theright sideof this matched distribu-

tion then gives us an approximate way to threshold the test distribution to obtain a certain

false positive rate. It is this method that we use to report the results in the leftmost column

of Table 3.2.

20



Table 3.1: Veri�cation performance comparisons on all possible LFW pairs. The proposed
rank-1 counts gets much higher recall at �xed FPRs.
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1E-9 0.0252 0.0068 0.0016 0.0086
1E-8 0.0342 0.0094 0.0017 0.0086
1E-7 0.0614 0.0330 0.0034 0.0086
1E-6 0.1872 0.1279 0.0175 0.0086
1E-5 0.3800 0.3154 0.0767 0.0427
1E-4 0.6096 0.5600 0.2388 0.2589
1E-3 0.8222 0.7952 0.52150.8719
1E-2 0.9490 0.9396 0.82040.9656
1E-1 0.9939 0.9915 0.9776 0.9861

A key property of our rank-1 counts veri�er is that it has good recall across a wide

range of the low false positive regime (FPR). Thus, our method is relatively robust to the

setting of the rank-1 counts threshold. In order to show that our rank-1 counts feature has

good performance for the types of veri�cation problems used in clustering, we construct

a veri�cation problem usingall possible pairsof the LFW database [51]. In this case, the

number of mismatched pairs (quadratic inN ) is much greater than the number of matched

pairs. As shown in Table 3.1, we observe that our veri�er has higher recall than three com-

peting methods (all of which use the same base CNN representation) at low false positive

rates.

Using rank-1 counts veri�cation for tracklet clustering. In our face clustering ap-

plication, we consider every pair(I; J ) of tracklets, calculate a value akin to the rank-1

countR, and join the tracklets if the threshold is exceeded. In order to calculate anR value

for tracklets, we sample a random subset of 10 face images from each tracklet, compute a

rank-1 countR for each pair of images, and take the maximum of the resultingR values.
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3.2.3 Averaging over Gallery Sets

While our basic algorithm uses a �xed (but randomly selected) reference gallery, the

method is susceptible to the case in which one of the gallery images happens to be similar

in appearance to a person with a large cluster, resulting in a large number of false negatives.

To mitigate this effect, we implicitly average the rank-1 counts over an exponential number

of random galleries, as follows.

The idea is to sample random galleries of sizeg from a largersuper-gallerywith G

images; we usedg = 50; G = 1000. We are interested rank-1 counts, in which imageA's

feature is closer toB than to any of the gallery of sizeg. Suppose we know that among the

1000 super-gallery images, there areK (e.g.,K = 3) that are closer toA thanB is. The

probability that a random selection (with replacement) ofg images from the super-gallery

would contain none of theK closer images (and hence represent a rank-1 count) is

r (A; B ) =

 

1:0 �
K
G

! g

:

That is, r (A; B ) is theprobability of having a rank-1 count with a random gallery, and

usingr (A; B ) as the count is equivalent to averaging over all possible random galleries. In

our �nal algorithm, we sum these probabilities rather than the deterministic rank-1 counts.

3.2.4 Ef�cient Implementation

For simplicity, we discuss the computational complexity of our �xed gallery algorithm;

the complexity of the average gallery algorithm is similar. WithF , G, andN indicating

the feature dimensionality, number of gallery images, and number of face tracklets to be

clustered, the time complexity of the naive rank-1 count algorithm isO(F � G � N 2).

However, for each feature dimension, we can sortN test image feature values andG

gallery image feature values in timeO((N + G) log(N + G)). Then, for each value in

test image A, we �nd the closest gallery value, and increment the rank-1 count for the test

images that are closer to A. LetY be the average number of steps to �nd the closest gallery

22



value. This is typically much smaller thanN . The time complexity is thenO(F � [(N +

G) log(N + G) + N � Y]).

3.2.5 Clustering with Do-Not-Link Constraints

It is common in clustering applications to incorporate constraints such asdo-not-link

or must-link, which specify that certain pairs should be in separate clusters or the same

cluster, respectively [130, 105, 76, 66, 80]. They are also often seen in the face clustering

literature [19, 138, 139, 85, 126, 155]. These constraints can be either rigid, implying they

must be enforced [130, 105, 80, 85], or soft, meaning that violations cause an increase in

the loss function, but those violations may be tolerated if other considerations are more

important in reducing the loss [76, 66, 138, 139, 155].

In this work, we assume that if two faces appear in the same frame, they must be from

different people, and hence their face images obey a do-not-link constraint. Furthermore,

we extend this hard constraint to the tracklets that contain faces. If two tracklets have any

overlap in time, then the entire tracklets represent a do-not-link constraint.

We enforce these constraints on our clustering procedure. Note that connecting all

pairs below a certain dissimilarity threshold followed by transitive closure is equivalent to

single-linkage agglomerative clustering with a joining threshold. In agglomerative cluster-

ing, a pair of closest clusters is found and joined at each iteration until there is a single

cluster left or a threshold met. A na�̈ve implementation will simply search and update

the dissimilarity matrix at each iteration, making the whole processO(n3) in time. There

are faster algorithms giving the optimal time complexityO(n2) for single-linkage cluster-

ing [109, 81]. Many of these algorithms incur a dissimilarity update at each iteration, i.e.

updated(i; k ) = min( d(i; k ); d(j; k )) after combining clusteri andj (and usingi as the

cluster id of the resulting cluster). If the pairs with do-not-link constraints are initialized

with + 1 dissimilarity, the aforementioned update rule can be modi�ed to incorporate the

constraints without affecting the time and space complexity:
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d(i; k ) =

8
>>>><

>>>>:

min(d(i; k ); d(j; k )) d(i; k ) 6= + 1

AND d(j; k ) 6= + 1

+ 1 otherwise

3.3 Experiments

We evaluate our proposed approach on three video data sets:the Big Bang Theory

(BBT) Season 1 (s01), Episodes 1-6 (e01-e06) [10],Buffy the Vampire Slayer(Buffy) Sea-

son 5 (s05), Episodes 1-6 (e01-e06) [10], andHannah and Her Sisters(Hannah) [85].

Each episode of the BBT and Buffy data set contains 5-8 and 11-17 characters respectively,

while Hannah has annotations for 235 characters.2 Buffy and Hannah have many occlu-

sions which make the face clustering problem more challenging. In addition to the video

data sets, we also evaluate our clustering algorithm on LFW [51] which contains 5730

subjects.3

An end-to-end evaluation metric. There are many evaluation metrics used to inde-

pendently evaluate detection, tracking, and clustering. Previously, it has been dif�cult

to evaluate the relative performance of two end-to-end systems because of the complex

trade-offs between detection, tracking, and clustering performance. Some researchers have

attempted to overcome this problem by providing a reference set of detections with sug-

gested metrics [79], but this approach precludes optimizing complete system performance.

To support evaluation of the full video-to-identity pipeline, in which false positives, false

negatives, and clustering errors are handled in a common framework, we introduceuni�ed

pairwise precision(UPP) anduni�ed pairwise recall(UPR) as follows.

Given a set of annotations,f a1; a2; :::; aA g and detections,f d1; d2; :::; dD g, we consider

the union of three sets of tuples: false positives resulting from unannotated face detections

f di ; ;g ; valid face detectionsf di ; aj g; and false negatives resulting from unmatched anno-

2We removed garbage classes such as `unknown' or `falsepositive'.

3All known ground truth errors are removed.
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(a) Rank-1 Count (b) Rank-Order Distance [158]

Figure 3.4: Visualization of the combined detection and clustering metric for the �rst few
minutes of the Hannah set.

tationsf; ; aj g. Fig. 3.4 visualizes every possible pair of tuples ordered by false positives,

valid detections, and false negatives for the �rst few minutes of the Hannah data set. Fur-

ther, groups of tuples have been ordered by identity to show blocks of identity to aid our

understanding of the visualization, although the order is inconsequential for the numerical

analysis.

In Fig 3.4, the large blue region (and the regions it contains) represents all pairs of an-

notated detections, where we have valid detections corresponding to their best annotation.

In this region, white pairs are correctly clustered, magenta pairs are the same individual but

not clustered, cyan pairs are clustered but not the same individual, and blue pairs are not

clustered pairs from different individuals. The upper left portion of the matrix represents

false positives with no corresponding annotation. The green pairs in this region correspond

to any false positive matching with any valid detection. The lower right portion of the ma-

trix corresponds to the false negatives. The red pairs in this region correspond to any missed

clustered pairs resulting from these missed detections. The ideal result would contain blue

and white pairs, with no green, red, cyan, or magenta.
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The uni�ed pairwise precision (UPP) is the fraction of pairs,f di ; aj g within all clusters

with matching identities,i.e., the number of white pairs divided by the number of white,

cyan, and green pairs. UPP decreases if: two matched detections in a cluster do not cor-

respond to the same individual; if a matched detection is clustered with a false positive;

for each false positive regardless of its clustering; and for false positives clustered with

valid detections. Similarly, the uni�ed pairwise recall (UPR) is the fraction of pairs within

all identities that have been properly clustered,i.e., the number of white pairs divided by

number of white, magenta, and red pairs. UPR decreases if: two matched detections of

the same identity are not clustered; a matched detection should be matched but there is no

corresponding detection; for each false negative; and for false negative pairs that should be

detected and clustered. The only way to achieve perfect UPP and UPR is to detect every

face with no false positives and cluster all faces correctly. At a glance, our visualization in

Fig. 3.4 shows that our detection produces few false negatives, many more false positives,

and is less aggressive in clustering. Using this uni�ed metric, others can tune their own

detection, tracking, and clustering algorithms to optimize the uni�ed performance metrics.

Note that for image matching without any detection failures, the UPP and UPR reduce to

standard pairwise precision and pairwise recall.

The UPP and UPR can be summarized with a single F-measure (the weighted harmonic

mean) providing a single, uni�ed performance measure for the entire process. It can be� -

weighted to alter the relative value of precision and recall performance:

F� =
1

�
UP P + 1� �

UP R

(3.2)

where� 2 [0; 1]. � = 0:5 denotes a balanced F-measure.

3.3.1 Threshold for Rank-1 Counts

The leftmost column in Table 3.2 shows our clustering results when the threshold is set

automatically by the validation set. We used LFW as a validation set for BBT, Buffy and
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Table 3.2: Clustering performance comparisons on various data sets. The leftmost shows
our rank1count by setting a threshold automatically. For the rest of the columns, we show
f-scores using optimal (oracle-supplied) thresholds. (1st place,2nd place,3rd place).
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Video

BBT
s01
[10]

e01 .7145 .7225 .7386 .7170 .8064 .7278 .1707 .4137 .6884 .3776 .2166
e02 .7414 .7671 .7561 .7520 .7154 .6537 .1593 .3216 .6147 .2337 .2018
e03 .8428 .8552 .8329 .8192 .6660 .6367 .2130 .2985 .6578 .2366 .2131
e04 .7602 .7690 .7151 .7687 .6364 .7001 .2118 .2886 .6520 .2156 .1847
e05 .8217 .8250 .7420 .7858 .6330 .7035 .2335 .2444 .5980 .1812 .2120
e06 .7563 .7578 .6342 .7247 .5577 .5588 .1615 .1948 .5806 .1511 .1387

Average .7728 .7828 .7365 .7612 .6692 .6634 .1916 .2936 .6319 .2326 .1945

Buffy
s05
[10]

e01 .6634 .6938 .4950 .6902 .3819 .5935 .1711 .1755 .5762 .1439 .1285
e02 .5582 .6645 .3315 .5452 .2800 .5837 .1705 .1185 .5892 .1151 .1087
e03 .5378 .5479 .3735 .5569 .2390 .4595 .1346 .1322 .4566 .1077 .1063
e04 .4203 .4859 .3523 .4549 .3049 .5171 .1643 .1445 .5273 .1187 .1179
e05 .6235 .6952 .5064 .6739 .3073 .5640 .1435 .1740 .5540 .1390 .1251
e06 .5932 .6923 .3001 .5856 .2807 .5455 .1765 .1009 .5071 .1041 .0995

Average .5661 .6299 .3931 .5845 .2990 .5439 .1601 .1409 .5351 .1214 .1143
Hannah [85] .6436 .6813 .2581 .3620 .4123 .3955 .1886 .1230 .3344 .1240 .1052

Image LFW [51] .8532 .8943 .8498 .3735 .5989 .5812 .3197 .0117 .2538 .4520 .3133

Hannah while Hannah was used for LFW. Note that the proposed method is very competi-

tive even when the threshold is automatically set.

3.3.2 Comparisons

In this work, we have introduced a new similarity measure, rank-1 counts, which is

applied to a link-based clustering algorithm. We can divide other clustering algorithms

into two broad categories–(i) link-based clustering algorithms (like ours) that use a different

similarity/distance measure and (ii) clustering algorithms that are not link-based (such as

spectral clustering [106]).

The �rst part of Table 3.2 shows the comparisons to various similarity/distance func-

tions [21, 84, 158] with the link-based clustering algorithm. L2 shows competitive perfor-

mance in LFW while the performance drops dramatically when a test set has large pose
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variations. We also compare against a recent so-called “template adaptation” method [21]

which also requires a reference set. It takes 2nd and 3rd place on Buffy and BBT. In addi-

tion, we compare to the Rank-Order distance [158], which is motivated by the observation

that top neighbors of the faces of the same identity are usually shared4.

Further, we also compare against several generic clustering algorithms (Af�nity Propa-

gation [36], DBSCAN [31], Spectral Clustering [106], Birch [154], KMeans [103]), where

L2 distance is used as pairwise metric. For algorithms that can take as input the similarity

matrix (Af�nity Propagation, DBSCAN, Spectral Clustering), do-not-link constraints are

applied by setting the distance between the corresponding pairs to1 . Note that this is just

an approximation, and in general does not guarantee the constraints in the �nal cluster-

ing result (e.g.for single-linkage agglomerative clustering, a modi�ed update rule is also

needed in Section 3.2.5).

Note that all other settings (feature encoding, tracklet generation) are common for all

methods. In Table 3.2, except for the leftmost column, we report the bestF0:5 scores using

optimal (oracle-supplied) thresholds for (number of clusters, distance). The link-based

clustering algorithm with our rank-1 counts outperforms the state-of-the-art on all four

data sets inF0:5 score.

One reason that our rank-1 count outperforms is that the proposed similarity considers

“very similar” features only. When two face embeddings are compared, some features are

not activated as they are not relevant to the current faces (e.g.pro�le face does not show

one part of a face). Those inactivate features are likely to be very similar to each other,

even if they are not very similar. Our rank-1 count similarity measure uses a reference set

to detect active features, and it computes if the feature values from two faces are actually

very similar or not. Meanwhile, other approaches, such as L2 and Rank-Order Distance,

take consideration of all features.

4In rank-order method, since the top-N closest neighbors are considered, using a large collection of
reference faces (as in our method) will not enhance clustering performance.
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