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Abstract

In this work, we introduce the Constrained first nearest neighbour Clustering (C1C)
method for video face clustering. Using the premise that the first nearest neighbour
(INN) of an instance is sufficient to discover large chains and groupings, C1C builds
upon the hierarchical clustering method FINCH by imposing must-link and cannot-link
constraints acquired in a self-supervised manner. We show that adding these constraints
leads to performance improvements with low computational cost. C1C is easily scal-
able and does not require any training. Additionally, we introduce a new Friends dataset
for evaluating the performance of face clustering algorithms. Given that most video
datasets for face clustering are saturated or emphasize only the main characters, the
Friends dataset is larger, contains identities for several main and secondary characters,
and tackles more challenging cases as it labels also the ‘back of the head’. We evaluate
C1C on the Big Bang Theory, Bufty, and Sherlock datasets for video face clustering, and
show that it achieves the new state of the art whilst setting the baseline on Friends.

1 Introduction

Detecting and identifying characters in movies and TV shows is a key element for story
understanding [57]. Clustering characters by identity is one step towards this, as it can
reduce the tremendous annotation time and cost. A successful solution to video character
clustering can have a significant impact on various tasks, such as browsing and organization
of movie collections, and even automatic collection of large-scale TV show datasets.

The problem of video face clustering has been tackled since the early 2000s [8, 15, 40,
47]. At first glance, deep learning seems to have solved the problem, as there exist methods
with near perfect performance [36, 41]. However, the current set of evaluation datasets is
limited, for example they only consider the principal characters and ignore the secondary or
background characters [14, 29, 31], and this is hiding some of the shortcomings of current
clustering methods [34, 35, 36, 54]. To address these dataset limitations we introduce a new
Friends dataset that contains approximately 18k annotated heads for 49 characters (Figure 2).
Compared to previous datasets, Friends is larger, contains many secondary characters, and is
more challenging as it also contains back of the head detections.

Furthermore, we propose a new video face clustering method: Constrained 1NN hier-
archical Clustering method (C1C). C1C combines the clustering method FINCH [32] with

(© 2020. The copyright of this document resides with its authors.
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Figure 1: Constrained video face clustering. (Left) Must-link constraint: instances from the same
track must be linked as they represent the same character. Cannot-link constraint: concurrent tracks
appearing in the same frame cannot be linked, as they represent different characters. (Right) C1C
Clustering given first NN relations and constraints.

must-link and cannot-link constraints [8, 47]. FINCH [32] is computationally efficient as it
only relies on first neighbor relations and it performs well on face clustering [36]. The im-
posed constraints [8, 47] are acquired in a self-supervised manner: instances from the same
track must be linked as they represent the same character, while concurrent tracks cannot be
linked, as they represent different characters (Figure 1). Unlike other hierarchical clustering
methods, the cannot-link constraints offer a natural lower bound on the resulting number of
clusters, as well as reducing the search space, and therefore the computational time.

Our experiments show that C1C achieves state-of-the-art results on the The Big Bang
Theory, Buffy, and Sherlock datasets [14, 27, 31]. Note that most methods for video face
clustering [34, 35, 36, 41] require training on the same domain as the one on which they are
evaluated, i.e. the same TV show or even the same episode. In practice, however, this is a
bottleneck, as it requires annotated data for every different movie or TV show. In contrast,
we use a face representation for each track from a pre-trained and fixed CNN, without any
knowledge of the domain or the test TV show and we outperform the state of the art.

In summary, we make the following contributions: (i) we introduce the Friends dataset
for character clustering in videos — three times larger than the biggest available benchmark
and tackling more difficult cases; (ii) we propose C1C, a hierarchical method for video face
clustering that combines the clustering method FINCH [32] with must-link and cannot-link
constraints; and (iii) we demonstrate state-of-the-art results on existing datasets and report
the first results on Friends revealing the importance of new methods.

2 Related work

Face clustering is an extensively studied task [4, 16, 18, 22, 28, 37, 53]. Most repre-
sentative methods are based on graphs, e.g. ARO [28] predicts if a node should be linked
to its KNN computed using Approximate Nearest Neighbors (ANN), while [37] also relies
on ANN to scale the proposed algorithm to more data. Recent approaches use graph convo-
lutional networks (GCN) [45, 50]. [52] maximizes the mutual information between global
and local graph representations, while others cast the problem as link prediction [45] or
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subgraphs [51]. [50] combine a detection and a segmentation module to pinpoint clusters.

Constrained Clustering typically incorporates a set of must and/or cannot-link con-
straints with a clustering algorithm [11, 43]. Given the temporal continuity of videos, must
and cannot-link constraints have also been adopted by the vision community for various
tasks, such as video face recognition [24, 49] and clustering [8, 39]. For instance, [47] uses
pairwise constraints together with label-level and constraint-level local smoothness, [8] uses
them to learn cast-specific metrics, while [3] combines them with weakly labeled data. These
works have shown that adding them leads to performance improvements. C1C iteratively im-
poses constraints while grouping 1NN, showing performance improvements.

Video face clustering has been an active research topic for several years [8, 15, 40, 47].
Early methods rely on handcrafted face features and the temporal continuity of videos. [8]
uses metric learning with automatically obtained positive and negative face pairs to learn
cast-specific distances. [40, 47] iteratively clusters and associates face tracklets based on
Hidden Markov Random Field, whereas WBSLRR [48] considers the prior knowledge while
learning a weighted block-sparse low rank representation. Recent methods typically rely on
face features coming from powerful CNNs [33, 36, 40, 41]. For instance, the Siamese-based
TSiam and SSiam [34, 35] methods mine positive and negative pairs by sorting distances
(SSiam) for singleton tracks (TSiam). [19] propose a rank-1 count similarity method for
joint face detection and clustering. The hierarchical clustering method FINCH [32] links
samples through the first NN relations. Given several pure face tracks from FINCH [32],
CCL [36] forms positive and negative pairs used as pseudo-labels to train a MLP with a
contrastive loss. In a similar setting [41] creates a fixed-radius embedding for each character
to be clustered. Except for [32], all methods require training on the test domain to obtain face
embeddings and are based on a hierarchical agglomerative clustering (HAC) to produce the
final clusters. In contrast, C1C does not require any training as the must-link and cannot-link
constraints are incorporated in the clustering method.

Bias is an issue in both face datasets and face models [2, 10, 38]. Some works have tried
to address it [44]; for instance, [17] investigates the gender-bias generation, [9] tries to learn
it, while [1] aims at removing it from feature representations. Here, we use pre-trained face
embeddings [5, 7] and cluster the features accordingly. These detectors may have inherited
potential bias from the corresponding datasets they were trained on. We argue, however, that
using the imposed constraints helps alleviate possible bias in the clustering results.

3 C1C: Constrained 1NN Clustering

The goal of this work is to cluster video face identities using video-level constraints. To
this end, we introduce the Constrained 1NN Clustering method. C1C combines an exist-
ing hierarchical clustering algorithm (FINCH [32]) with the idea of imposing constraints
naturally occurring in videos in a self-supervised manner [8, 39]. Specifically, C1C groups
instances that share a first NN, as long as they do not violate some must-link and cannot-link
constraints acquired in a self-supervised manner (Figure 1). Here, first we briefly describe
FINCH, and then, we describe C1C and provide a discussion of our findings (Section 3.1).
Algorithm 1 states the steps of FINCH with the additions (bold) leading to C1C.
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Hierarchical clustering methods. We work with hierarchical methods, as they typically
find a good local minimum solution with reasonable complexity. For face clustering we
prefer bottom-up methods as they make clustering decisions based on local patterns, without
taking into account the global distribution. Furthermore, they are appropriate here, where
the face of one character is more similar within smaller temporal windows — within the
same episode characters look more alike than across episodes. Note that the imposed self-
supervised constraints can be applied in most hierarchical bottom-up clustering methods.

FINCH Clustering method [32].  First Integer Neighbour indices producing a Clustering
Hierarchy (FINCH) is a fast and scalable method. Unlike standard HAC methods where each
partition merges only one instance with existing clusters, it groups several instances using
first NN relations at the same partition. In the first partition, it links samples through first
NN relations, while all following partitions link the clusters from the previous step. Given
pairwise distances between all instances, it considers only the first NN n}ci of each instance
x; € RY. This results in cases where the first neighbour is not mutual between two instances
x; and x;. Then, at every partition I', it forms K clusters by merging instances that either are
first neighbours or have a common first neighbour, as described by the adjacency matrix:

el 1. 1 _ 1
1 1fo—nxi0rnxj—x10rnxl_—nxj, )

Al j) =
(&) 0 otherwise.

By representing each formed cluster with only one instance, FINCH recursively merges clus-
ters until one cluster remains. At every partition, instead of computing similarities between

each instance of each cluster, it computes the mean of a cluster m’l‘— e R4, fork = 1,...,Kr
and uses this mean to compute its pairwise similarity to the means of other clusters.

3.1 The proposed C1C method

The constraints.  Instance level constraints can express a priori knowledge about which
instances should be grouped together or not [43]. Videos provide this knowledge without
any labelling or supervision with two types of constraints: (i) must-link constraints specify
that two instances have to be in the same cluster, i.e. faces in the same track must depict the
same character, and (ii) cannot-link constraints specify that two instances must not be placed
in the same cluster, i.e. tracks that temporally overlap must depict different characters.

Description.  C1C first computes must-link and cannot-link constraints for all instances x
in a self-supervised manner. The must-link constraints define a transitive binary relation over
the instances [43, 47]. Consequently, by using both constraints, we take a transitive closure
over the constraints'. In practice, enforcing this is computationally expensive, as it requires
computing all possible combinations of groupings subject to the constraints. To this end,
CI1C first groups instances into clusters based on Equation 1 (step 6 in Algorithm 1), and then
enforces the constraints. Since only the must-link constraints are transitive, it is possible for
a candidate cluster to contain cannot-link constraints. In such cases, C1C iteratively splits
the violating cluster using the max-flow min-cut algorithm until no constraint is violated
(Figure 1(right), steps 7-13 in Algorithm 1).

If x; must link to x; that cannot link to x;, then we know that x; cannot link to x.
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Algorithm 1 Proposed C1C algorithm

Input instances x; € R? fori € [1,...,N]
Output L partitions {C[., ..A,Cllfl‘} of x;forT' € [1,...,L]

1: Compute must-link M C [1,N]? and cannot-link C C [1,N]? constraints

2: Set the clusters Cg C R? of partition I' = 0 to be the connected components formed by the must-link
constraints M

3: while there are at least two clusters in partition I" do

For k =1 — Kr, compute the mean m’l‘- € R? of the cluster C{i

For k = 1 — Kr, compute the first neighbor of m’l‘- that does not violate a cannot-link con-

straint in C

6 Apply Eq. 1 to the mean m’li to build the clusters Clli 1 of instances {xi}

7:  while 3 a cannot-link violation (k,k;) € C in a cluster Clli 41 do

8

9

AN

Split cluster Clli .1 into 2 clusters separating k; and k;
: Kri) < Kryi +1
10:  end while
11:  Update cannot-link constraints C < {(k|,k5)|(k1,k2) € C} where k| (resp. k}) is the cluster
in partition I+ 1 containing the cluster k; (resp. k») in partition I
12 UpdateI'+-I'+1
13: end while

Discussion. A property of the cannot-link constraint is that when it includes all unique
combinations between characters (i.e. every character coexists with all characters in at least
one frame), it offers a natural lower bound on the resulting number of clusters, i.e. number
of characters. If all characters appear in the same frame (e.g. end of theatrical presentations),
the exact number of clusters can be derived by this frame. Typically this is not realistic;
in practice, however, principal and secondary characters do share scenes, and therefore the
cannot-link constraints aid the clustering. Moreover, by imposing both constraints, C1C
reduces the search space of possible groupings, thus resulting in lower computational cost.
We also note that the constraints can be imposed to most hierarchical bottom-up clustering
methods with minor modifications. For instance, one could use HAC with complete linkage
without any specific treatment, as defining cannot-links once is sufficient; whereas, using
single linkage would require iteratively checking for constraint violations, similar to C1C.

4 Friends Dataset

Here, we describe the dataset collection and annotation procedure we followed for con-
structing the Friends dataset, which covers 25 episodes from the third season of the TV show
‘Friends’. Each episode is split into shots (8.8k shots in total), and each shot is then annotated
separately. Figure 2 depicts some examples of the principal and secondary characters.

Head track annotation. In this work, we go beyond simply tracking faces, and instead we
track and annotate entire heads — including the face (if visible) and the back of the head. We
proceed in three stages: (1) head detection and tracking; (2) manual annotations to correct
and refine the tracks; and (3) track editing based on these annotations to remove all errors.
Despite the abundance of face detection models [6, 21, 56], head detection, is more
challenging, and hence less common. Here, we follow the pipeline from [26] and train a
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Figure 2: Friends dataset. Head crop examples in the Friends dataset for five principal and five sec-
ondary characters. Characters are captured in several scenes and viewpoints, including crops showing
the back of their heads, thus making the dataset varied and challenging.

Main

Secondary

head detector [23] on the Hollywood heads dataset [42] to obtain detections for Friends. We
construct head tracks by grouping consecutive detections following [20]. We filter out short
tracks (less than 10 frames) and tracks with low confidence score. This results in around
33k tracks, i.e. 1.1k tracks per episode. For the track refinement, we manually label tracks
as (a) correct (i.e. containing heads), (b) identity switches (i.e. tracks interchanging different
characters), and (c) wrong (i.e. not containing heads over time). Then, we keep the correct
tracks, and automatically split the ones with identity switches and discard the wrong ones.

Character annotation. To assign character identities to each head track, we first parse
character names from IMDB? and keep up to 14 characters per episode, resulting in 49
characters over 25 episodes. Then, we ask annotators to label (using [12, 13]) all head tracks
as depicting one of the available characters, as containing irrelevant characters (e.g. a random
background person), or as not being valid (e.g. identity switch). This results in about 15k
non-valid or irrelevant tracks that we discard following the standard setup [3, 34, 39].

Statistics.  Friends contains 17,564 head tracks with approximately 700 tracks per episode.
15,135 tracks depict the six principal characters and the remaining 2,429 depict 43 secondary
characters. Compared to other datasets, Friends is 3x larger than the biggest available one
(Buffy [41]), and more importantly, it is more varied and contains more challenging cases
(see Figure 2) as it contains head track annotations compared to face only tracks [35, 39, 41].

S Experiments

Here, we describe the datasets and metrics we use (Section 5.1), and we present experimental
results, a comparison to the state of the art, and various ablation studies of C1C (Section 5.2).

5.1 Datasets and metrics

In addition to Friends (Section 2), we evaluate C1C on three datasets: BBT [31], Buffy [14],
i.e. the two most widely used datasets for video face clustering, and Sherlock [27].

2https://www.imdb.com/title/tt0108778/
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Figure 3: Qualitative results of C1C on episode 10 from Friends (principal characters). Most
clusters are pure, i.e. contain only green samples, whereas the mixed ones (last three rows) typically
contain challenging samples (red), where it is difficult even for humans to identify the correct character.
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The Big Bang Theory (BBT) [31] and Buffy the vampire slayer (Buffy) [14].  They
consist of six episodes from the first and fifth seasons of the TV shows and they include
manually annotated face tracks. The first releases [31, 39] include tracks with identities for
six characters for BBT and twelve for Buffy. As both datasets have been enhanced [34, 39,
41], we use the two most recent releases [34, 41] and group the comparison to the state of the
art accordingly. The release from [34] refines some tracks; for this setup, we evaluate on el
for BBT and e2 for Buffy. The release from [41] contains additional annotations resulting in
103 characters for BBT (five principal, six secondary and 92 background) and 109 for Buffy
(six principal, 20 secondary and 83 background). For this setup, we evaluate on all episodes.

Sherlock [27]. It consists of three episodes from the first season of the TV show. It
includes manually annotated tracks with identities for 27 different characters (two principal).

Metrics. We report metrics at the frame level, as they compare the quality of C1C when in-
cluding difficult samples (e.g. back of the head) and outliers (e.g. not perfect bounding box).
To evaluate the cluster quality, we use Weighted Clustering Purity (WCP [40, 55]. WCP
weights the purity of a cluster by the number of samples belonging in the cluster; to compute
it, each cluster is assigned to the class which is most frequent in the cluster. To measure the
trade-off between clustering quality and number of clusters, we report Normalized Mutual

Information (NMI) [25]. Given class and cluster labels Y and C, NMI(Y,C) = 2%

where H(.) is the entropy and /(Y;C) = H(Y) — H(Y\C) the mutual information.
5.2 [Experimental Results

We validate the effectiveness of C1C by reporting WCP and NMI results on BBT, Bufty,
Sherlock, and Friends. Except for some inputs in Table 1 where we also use tracks both
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thod trai traint BBT Buffy Sherlock  Friends
metho rain  constraints source el AVG 2 AVG AVG AVG
ULDML [8] v v [8] 57.0 - 41.6 - - -
HMREF [47] v v [14,30] 59.6 - 50.3 - - -
HMREF?2 [46] v v [30] 66.8 - — - - -
Imp-Triplet [54] v - [30] 96.0 - - - - —
JFAC [55] v - [14] - - 92.1 - - -
VDF [33] v - [3] 89.6 - 87.5 - - -
TSiam [34, 35] v - 98.6 - 92.5 - - -
SSiam [34, 35] v - 99.0 - 90.9 - - -
FINCH [32] - - [34] 99.2 - 92.7 - - -
CCL[36] v - 99.6 - 93.8 - - -
C1C (ours) - v 99.9 - 94.6 - - -
FINCH [32] - - 97.0 908 777 829 64.4 69.7
BCL [41] v - [27,41] 98.6 939 814 865 - -
C1C (ours) - v 98.7 953 90.1 88.1 76.5 77.0

Table 1: Comparison to the state of the art on all datasets. We report %WCP. For BTT and Buffy,
we also compare against methods using different (older) versions of the datasets — see text for details.

from [35], for BBT and Buffy we experiment on the tracks provided by BC [41]. We deploy
the ResNet-50 network pre-trained on MS-Celeb-1M and fine-tuned on VGGFace?2 [5].

C1C performance. =~ The WCP of C1C on BBT, Bufty, Sherlock, and Friends is 95.3%,
88.1%, 76.5%, and 77.0% respectively. Figure 3 illustrates samples from clusters produced
by CIC for Friends. We observe that the clusters are quite diverse, as they contain heads
from different scenes. The last three rows include failure cases (red). Most of these cases are
very challenging, e.g. in the cluster Phoebe, the heads of Rachel and Phoebe are confused for
one another, or in the cluster Monica the last wrongly assigned head sample is so challenging
that even humans looking at it cannot tell that its true identity is Chandler.

C1C vs FINCH. The average WCP of FINCH on BBT, Buffy, Sherlock, and Friends is
90.8%, 82.9%, 64.4%, and 69.7%, respectively. This validates that the must-link and cannot-
link constraints improve the performance.

Ablation study. To validate the effectiveness of each component of C1C, we perform an
ablation study on BBT el and Buffy e2 (Table 2). The first row of Table 2 corresponds to
FINCH, the last row to C1C. We observe that adding the must-link constraint brings about
+2%; this is expected as instances of the same track are forced together. The cannot-link
constraints alone seem very powerful on Buffy and yield a +7.4% boost. Finally, the two
constraints are complementary and adding them both yields an even higher performance.

Comparison to the state of the art. Table | reports the comparison to the state of the art.
We group results that are comparable, i.e. ordered by increasing difficulty per dataset release.
CI1C outperforms all other methods even without requiring any training. C1C outperforms
CCL [36] by 0.4% and 0.8% on BBT and Buffy, while increasing the dataset difficulty leads
to larger performance gains (i.e. +8.69% for Buffy), demonstrating the need for new models.
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BBT  Buffy Sherlock
cannot e2 el el e2 e3 AVG
must inecaty TMOd 4o wo= (oracle #C) 27 22 30 S=79
- - FINCH 97.0 77.7 NMI FINCH [32] 69.3 276 472 48.0
v - C1C - 98.7 82.0 Cl1C 71.5 43.1 455 53.3
- v CI1C - 97.5 87.3 WCP FINCH [32] 845 412 674 64.4
v v Cl1C 98.7 90.1 ClC 89.6 666 732 76.5

Table 2: Ablation study of C1C on BBT Table 3: Comparison to the state of the art on
and Buffy. We report %WCP for FINCH, two Sherlock.
stripped-down versions of C1C, and C1C.

BBT Buffy
Metric  Method 1 2 3 4 5 6 AVG 1 2 3 4 5 6 AVG
(est #C) 7 8 16 18 11 23 17 16 18 22 26 22
FINCH [32] 899 83.0 712 780 754 695 787 747 744 733 725 704 719 729
NMI BCL [41] 958 87.2 883 765 922 741 857 817 716 776 781 797 781 788
C1C 941 849 905 822 941 80.7 878 80.1 858 770 841 837 774 814
FINCH[32] 969 964 89.7 912 928 87.1 924 839 798 776 856 90.0 83.1 833
WCP  BCL [41] 98.6 98.5 906 869 89.1 81.0 908 92.0 79.7 840 849 89.0 805 850
C1C 987 978 933 949 944 894 948 90.0 864 845 88.8 924 808 87.1
(oracle #C) 8 6 26 28 25 37 13 22 15 32 38 45
FINCH [32] 90.5 83.0 825 665 882 721 805 783 750 750 772 738 714 753
NMI BCL [41] 928 919 843 785 861 761 849 813 753 779 759 769 786 716
C1C 91.0 899 831 851 825 757 845 817 868 734 788 742 795 79.1

FINCH [32] 97.0 964 89.7 86.6 924 830 90.8 889 777 80.7 856 895 749 829
WCP  BCL [41] 98.6 982 926 91.7 960 867 939 89.6 814 814 873 912 885 865
CIC 98.7 978 939 950 950 913 953 887 90.1 792 893 924 889 88.1

Table 4: Comparison to state of the art on BBT and Buffy when using the estimated by BCL [41]
number of clusters (est #C) and the ground truth ones (oracle #C). We report the NMI and WCP results
for the version of the datasets introduced in [41].

Tables 3-4 report a complementary comparison to the state of the art. We report WCP
and NMI for each episode of Sherlock, BBT, and Buffy for the the ground truth number of
clusters (oracle #C) and for the number of clusters as predicted by BC (est #C) (for BBT
and Buffy only). C1C consistently outperforms FINCH by a significant margin, e.g. by 8%
for Sherlock, 3-8% for BBT, and 4-8% for Buffy. For BBT, C1C performs on par or outper-
forms BCL, whereas for Buffy, it outperforms BCL by 2-3%. These results demonstrate the
effectiveness of C1C even for challenging cases with secondary and background characters.

Analysis of C1C on Friends. Figure 4 (a) illustrates the WCP over the number of clusters
of C1C for the 25 episodes of Friends. The range of accuracy is between 60-90%. We also
display the WCP of C1C for the ground truth number of clusters (oracle #C, large solid dots).
The final predicted number of clusters (i.e. end of lines) is close to the ground truth one
(i.e. large solid dots), suggesting that imposing cannot-link constraints can aid the estimated
number of clusters. In Figure 4 (b), we compare the WCP of C1C and FINCH (dotted line)
(for visibility, we display six episodes). We observe that the clusters of C1C are more pure
than the ones of FINCH and that C1C converges faster, thus demonstrating its superiority.
Furthermore, we examine the correlation between using cannot-link constraints and the
performance improvements of C1C over FINCH. In Figure 5, we display the cluster assign-
ments for the principal characters of Friends for (a) FINCH and (b) C1C. Rows correspond
to ground truth characters and columns to predictions, e.g. ‘Chandler’ is predicted as ‘Joey’


Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019

Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019

Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019

Citation
Citation
{Sarfraz, Sharma, and Stiefelhagen} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019

Citation
Citation
{Tapaswi, Law, and Fidler} 2019


10

V. KALOGEITON, A. ZISSERMAN: C1C: CONSTRAINED INN CLUSTERING

100 100 F= o= a s ng
90 N\ 90 F
8 80 % o 80
= 70F e . = 70F
L r |[=CIC
—-—CIC [ |- Finch .
60 | @ oracle #c (C1C) 60 | @ oracle #c (CI1C) %
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Figure 4: WCP on Friends. (a) WCP of C1C on Friends. (b) Comparison of C1C (solid lines) and
FINCH (dashed lines) for 6 episodes of Friends. The dots display results for oracle number of clusters:
open dots correspond to FINCH and solid dots to C1C. C1C systematically outperforms FINCH.

FINCH

6 B1%  40% 93%
0%  37%  33%
17.0%  4.4%

5 2 2
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Predicted clusters

chandler monica

10.8%
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cic

6 09% 20% 28%
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ioey
¥

69%  4.8%

m,m,

36%  2.6%

01%  4.6%
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6 12%  .0% +55% +3.8% +12%
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+4.4% 16% 21% +01% +0.3%

34%  75% 2.9

03% 40% 11%
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Predicted clusters

# of cannot links constraints

(@) (b) ©
Figure 5: Correlation between cannot-link constraints and character assignment improvements

of C1C over FINCH. Rows correspond to ground truth characters and columns to predictions. (a)-(b)
cluster assignments by FINCH and C1C, (c) their difference, and (d) the cannot-link constraints.

in 12.3% of the cases by FINCH and in 5.3% by C1C. Figure 5 (c) illustrates their absolute
difference, e.g. ‘Chandler’ is predicted as ‘Joey’ by C1C in 7% fewer cases. Some interesting
patterns emerge, e.g. the pairs ‘Chandler - Joey’ and ‘Rachel - Monica’ are less frequently
mis-assigned. Figure 5 (d) displays the cannot-link constraints. For most character pairs,
there is a high correlation between the constraints and the improvement of C1C over FINCH.
This validates that the cannot-link constraints result in fewer wrong assignments.

6 Conclusions

We presented C1C, a method for video face clustering. It links instances through first NN
relations and imposes must-link and cannot-link constraints acquired in a self-supervised
manner. CIC is easily scalable, does not require any training, and requires low computa-
tional cost. C1C achieves the new state of the art on several existing datasets for video face
clustering, while setting the baseline on Friends, a new dataset we introduce. A future line
of work is to automatically estimate the number of characters by using pairwise similarities.

Acknowledgements. We are grateful to D. P. Papadopoulos for helpful discussions, to A.
Dutta for the annotation tool, to Q. Pleple and S. A. Koepke for proofreading. Funding was
provided by the EPSRC Programme Grant Seebibyte EP/M013774/1.
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