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Abstract: We propose a unsupervised learning framework
for automatically labeling events in a basketball game.
Our framework uses the the optical player tracking data
in the NBA. We first learn the time series of defensive
assignments using a novel player and location dependent attraction based model which uses hidden Markov
models (HMMs), Gaussian processes, and a “bond breaking” model for changes in defensive assignments. Next,
we use the learned defensive assignments as an input
to a set of HMMs that automatically detect events such
as ball screens, drives and post-ups. We show that our
models provide significant improvements over existing
benchmarks both on defensive assignments and event
detection.
Keywords: gaussian process; HMM; defensive assignment;
NBA; unsupervised learning.

1 Introduction
Statistics have always been important in basketball. Points
scored, rebounds, assists, steals, etc. have long been
recorded and reported on box scores. However, box score
statistics provide very coarse information for understanding ability and characteristics of a player, and strategies of
teams. Furthermore, box score statistics mainly describe
the offensive performance of players, and the defensive
performance goes unrecognized.
Ever since 2013, the optical player tracking data has
become available for all games in the NBA. This data
should be able to give much more detailed analytics on
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the performance of players in both offensive and defensive roles, as well as the network effects that affect team
level performance. However, before we can assess performance, we need to be able to learn from data which players
were defending against which offensive player¹ and which
offensive and defensive players were involved in particular
events during the match. In this work we propose unsupervised learning methods for learning the time evolution
of defensive assignment, and detecting specific events of
interest.
We expect our work to be a step towards a more
refined view of player and team performance than the
relatively coarse view that is currently captured in box
scores. Our work can lead to metrics for defensive performance of players, and also a better understanding of the
offensive performance. Outcomes of events such as a ball
screen, where a player on the offensive team prevents a
defender from guarding a teammate by standing in the
defender’s way, a drive, where an offensive player moves
faster towards the hoop with the ball, and a post-up, where
there is an attempt to establish a position near the hoop for
a closer shot, etc., are more useful in terms of understanding the characteristics of players and teams. These events
provide more context to the ways in which players score.
There events are not identified in a traditional box score
model or the tracking data. Once these events are identified, one can create statistics on how efficient a player or
team is when involved in these events.
McQueen, Wiens, and Guttag (2014) propose using
support vector machines to detect a ball screens using
human-labeled data. Their method requires the identity
of the on-ball defender, i.e. the defender who is guarding the ball handler, and they set the defender nearest to
the ball handler as on-ball defender. We discovered that is
the nearest-defender assignment is only 76% accurate (See
Table 2 in Section 4); thus, we expect that the McQueen,
Wiens, and Guttag (2014) method is unlikely to be very
accurate. Moreover, their work is limited to learning ball
screens. Wang and Zemel (2016) classifies different kinds
of offensive play calls using neural networks. However,

1 We are implicitly assuming one-on-one defense, which is the case
in the NBA.
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their method still depends on the labeled data and is only
applicable to detecting team level play calls.
Franks et al. (2015) introduces a hidden Markov
Model (HMM) based framework to learn the defensive
assignment of players. However, their method does not
take player identity or court location into account, of
which we discuss the importance in Section 2.2. In addition, their defense assignment transition model assumes
uniform distribution, i.e. a defender is equally likely to
switch to guard any offensive players, and does not capture
the interaction of players. This leads to incorrect defensive
assignments, especially when multiple players are closely
involved in an event. We build upon this framework by
allowing spatial variation in the defender behavior among
different ball handlers, as well as proposing a more flexible, “bond breaking” model for matchup switches.
We approach the task of labeling events in an unsupervised setting in a hierarchical manner. We decided
against using supervised data because labeling these
events requires a significant amount of manual labor on
video clips, and is, therefore, not scalable as we increase
the set of events to be labeled – both in numbers of
matches and in the number of event types. Furthermore, in
our experience, human annotators inevitably make errors
that often get amplified in supervised learning methods.
We first learn the defensive assignment. The coded video
data has the positions of all the players, but not their
orientation; therefore, the nearest neighbor assignment
is unlikely to perform well. We learn defensive assignments using time series data in a novel player and location dependent attraction based model HMMs, Gaussian
processes, and a “bond breaking” model for changes in
defensive assignments. In our work, we explicitly consider interaction of players to model the change in defense
assignment in consecutive time intervals. Our model is
more realistic and improves accuracy upon Franks et al.
(2015). After detecting the defensive matchup of a possession, we use the matchup for event detection using a HMM
model. We model the progress of an event as a time series
where the hidden state is a 0-1 state. 0 means the event
is not in progress and 1 means the event is in progress.
Note that we are using separate HMMs for event detection
and defense assignments. While useful in its own right,
the defensive assignment is a very important feature for
the HMMs for detecting events. These HMMs also use other
features such as pairwise distances between a small set of
players, the velocity of a player, etc. Our event detection
model leverages the fact that the distributions of relevant
variables follow different parametric forms of distribution conditioned on the presence or absence of the event.
We learn a separate HMM for each event. The rationale

for using separate HMMs for each event rather than one
HMM for all events is that these actions are not necessarily mutually-exclusive. For example, it is possible to have
a ball screen immediately followed by a drive, and therefore, some time epochs can simultaneously be part of two
events – this cannot be accommodated in a single HMM.
We find that the accuracy of the defensive assignments is
crucial of the success of the event detection HMMs.

1.1 DATA
The NBA installed the optical tracking systems in the arenas of all the 30 teams in the league in 2013. The tracking systems records two-dimensional x-y coordinates of
10 players on the court as well as the x-y-z coordinates
of the ball at a frequency of 25 frames per second, yielding over 1 billion space-time observations over the course
of a full season (Cervone et al. 2016). Since the advent of
the player tracking system, the player tracking data has
allowed researchers to develop richer analytics for both
player and team evaluation (Oh, Keshri, and Iyengar 2015).
Our data consist of observations from the 2015–2016
NBA regular season. We divide the data into offensive
possessions which we define as the interval between the
ball handler carrying the ball into the offensive front
court until any possession ending event such as shots,
turnovers, fouls, etc. occurs. We remove players who
played in fewer than 700 offensive possessions, leaving
a total of 372 players. Filtering players in this manner
ensures more stable estimates when we pool information
across players.

2 Proposed approach
2.1 Defensive assignment
We want to infer the defensive assignment of each defensive player to one of the offensive players at each time
point in every possession. We use the basic setting as
proposed by Franks et al. (2015) for defensive assignment. We assume that a defensive player can only guard
one offensive player at any time. However, an offensive
player can be guarded by multiple defensive players or
may be unguarded. Thus, the defensive assignment is
a bipartite matching of offensive and defensive players
as shown in Figure 2. We assume that defensive assignments evolve according to a Markov chain; however, we
only observe player position, and the assignments are not
directly observable. Hence, we model the time evolution
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of the assignment is modeled as an HMM (Bishop 2006).
We assume the distribution of the position of a defensive
player to be a Gaussian distribution with the mean given
by an affine combination of the ball location, the hoop,
and the location of the offensive player that he is guarding.
We interpret the affine combination as the attraction coefficients with respect to the ball, the hoop, and the offensive player. A higher attraction coefficient for the offensive
player implies that the player pulls the defender closer.
The offensive player’s attraction coefficient has been previously identified as an important metric (Pelton 2014). We
model the transitions in the defensive assignment using
a “bond breaking” model. We want to emphasize that
we extend the model proposed by Franks et al. (2015) by
allowing spatial variation in the defender behavior for different ball handlers, as well as proposing a more flexible,
“bond breaking” model for matchup switches. In the following subsections, we describe our defensive assignment
model in more detail.

2.1.1 Basic setting
Let Ω be the set of possessions in the data. For ω ∈ Ω,
we index each defensive player by i ∈ {1, ..., 5} and each
offensive player by j ∈ {1, ..., 5}. We define T(ω) to be the
length of the possession ω. Then, for time 0 ≤ t ≤ T(ω),
define
O tj (ω) := location of the offensive player j at t
B t (ω) := location of the ball at t
H :=

the location of the hoop

Z tj :=

[O tj , B t , H]⊤

Without loss of generality, we assume that that all possessions occur in the same half; hence H is fixed for all t and
ω. Note that Z tj is associated with the offensive player j.
Let I tij denote the indicator that defender i is guarding
offender j at time t. Franks et al. (2015) models the observed
location Dti of the defender i as follows:
(︁
)︁
2
D ti |I tij = 1 ∼ N Z ⊤
tj Γ, σ D ,
where Γ = [γo , γb , γh ]⊤ with Γ⊤ 1 = 1, i.e. the mean location Z ⊤
tj Γ of the defender guarding the offensive player j at
time t is an affine combination of three locations: the position of the offender, Otj , the current location of the ball,
Bt , and the location of the hoop, H, as shown in Figure 1.
A high value of γ0 means a defender guarding an offensive
player is closer to him compared to the location of the hoop
and ball. We refer to γ0 as “gravity”.
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Figure 1: Canonical defensive location with player and location
dependency On Γ.

We assume Γ to be a function of the court location
and the player. This assumption is motivated by the observation that the players are heterogeneous in their ability
to draw the defender closer to them, and the fact that we
we expect the players to be more closely guarded near the
basket. We divide the half court into 4-square-foot square
bins, and maintain a global list of all players. Let Γpk refers
to the attraction coefficient of the player p in bin k. Let
g(t, j) denote global index of the player labeled as offensive
player j and time t. Then, we assume
(︁
)︁
2
D ti |I tij = 1 ∼ N Z ⊤
tj Γ g(t,j) , σ D .
In order to avoid overfitting due to large parameter
space, we regularize the Γpk by pooling information across
players and across bins. We define Γ p = [Γ p1 , ..., Γ pK ]⊤ ,
where K is the total number of bins. Γp is vector of attraction coefficients for player p and
Γ p ∼ N(µ Γ , K)
where K is the block diagonal covariance matrix with
the covariance values encoded using a Gaussian kernel
defined as
(︁
)︁
o
o
cov(γpk
, γpl
) = k o (x k , x l ) = ζ o2 exp −ϕ2o ‖x k − x l ‖2
(︁
)︁
b
b
cov(γpk
, γpl
) = k b (x k , x l ) = ζ b2 exp −ϕ2b ‖x k − x l ‖2
(︁
)︁
h
h
cov(γpk
, γpl
) = k h (x k , x l ) = ζ h2 exp −ϕ2h ‖x k − x l ‖2
o
b
b
h
h
o
cov(γpk
, γpl
) = cov(γpk
, γpl
) = cov(γpk
, γpl
)=0

(1)
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where xk and xl denote the center of bin k and bin l respectively. These kernels are chosen to encode prior belief in
the spatial smoothness of defensive attraction of players.
Note that we only allow the γ values of same type to be correlated across bins. Furthermore, GP prior is a conjugate
prior for Γpk .
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2.1.2 Hidden Markov model
In each offensive possession, defense starts with some initial assignments. These assignments progress over time as
players and the ball move around on the court. The hidden states I t represent the bipartite mapping of defenders to offensive players at any given time t. We model the
progression of I t over the course of a possession using a
HMM. The complete data likelihood for one possession is
the following:
L(Γ, σ2D ) = P(D, I|Γ, σ2D )
)︁ (︀
∏︁[︁ (︁
)︀]︁I tij
=
P D ti |I tij , Γ, σ2D P I tij |I(t−1)i.
t,i,j

(︀
)︀
where P D ti |I tij = 1, Γ, σ2D , the emission distribution, is
normally distributed as stated in the basic setting. And,
(︀
)︀
P I tij |I(t−1)i. is the transition distribution, which we discuss in the following section.

2.1.3 Transition probability
A state in our HMM is defined by the defensive matching. There are total of 55 = 3125 possible matchings. It
would be computationally intractable to learn the transition probability between each pair of states independent of each other. A possible simplification could be to
make the defense transition of each player independent
of each other (Franks et al. 2015). However, this contradicts the defensive coordination in basketball. For example, such a model would not sufficiently penalize the state
where two players guard an offensive player who does not
have the ball. We propose a Bond Energy based defensive Assignment Transition (BEAT) matrix. We interpret
each directed edge in the bipartite graph representing
the defensive assignment as a “bond” (see Figure 2). We
identify 4 different kinds of bonds with energy
e1
e2
e3
e4

=
=
=
=

energy of 1-on-1 on-ball bond
energy of 1-on-1 off-ball bond
energy of each extra on-ball bond
energy for each extra off-ball bond

Figure 2: Bipartite graph representation of match-up transition: Def
(resp. Off ) represents the defensive (resp. offensive) team. Player
7, highlighted with yellow, is the ball handler. The arrows represent
defensive assignments. In the left graph, player 7 is double teamed
by defenders 2 and 3. The right graph shows one-on-one match-up.

The left graph in Figure 2 has 3 1-on-1 off-ball bonds,
1 1-on-1 on-ball bond, and one extra on-ball bond.
Therefore, the corresponding energy E = e1 + 3e2 + e3 .
The energy of the graph on the right in Figure 2 is E =
e1 + 4e2 .
Let ki denote the number of defensive players guarding
the offensive player i, and let B t ∈ {0, 1, . . . , 5} denote
the identity of the ball handler at time t, where Bt = 0
denotes that the ball is in the air. Define the vector
⎧
⊤
⎪
if k i = 0
⎪
⎨[0, 0, 0, 0] ,
F ti =

[1, 0, k i − 1, 0]⊤ ,
⎪
⎪
⎩[0, 1, 0, k − 1]⊤ ,
i

if k i ≥ 1 and B t = i

if k i ≥ 1 and B t =
/ i

Then the overal bond configuration at time t is given by
∑︀
the vector Ψ t = 5i=1 F ti and the associated energy E t =
⊤
Ψ⊤
t e, where e = [e1 , e2 , e3 , e4 ] . Note that multiple bond
configuration could have the same energy.
We let τ refer to the cost of breaking and forming a
new bond i.e. the cost of switching single defensive assignment. Given the ball state at time t and t + 1, the amount of
energy required to change the state from It to I t+1 is given
by ∆E t,t+1 = E t+1 − E t + η t τ, where ηt is the number of
defensive assignment change from It to I t+1 . In Figure 2
the bond 4–7 has to be broken and the bond 4–8 has to be
added in order to move the configuration from the left to
the right. Thus, ∆E = (e1 + 4e2 ) − (e1 + 3e2 + e3 ) + τ.
We define the probability of changing the state from It to
I t+1 as:
P(I t → I t+1 |B t , B t+1 ) ∝ e−∆E t,t+1

(2)

Note that to compute the exact transition probability, we
need to compute the sum of the right hand side over all
possible values of I t+1 . This step is computationally very
expensive since since the number of possible values for
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of our actions in the following sections. We will see that
the defensive assignment is one the key features used in
these HMMs.

T

2.2.1 Ball screen
Ω

A screen is an attempt to prevent a defender from guarding
a teammate by standing in the defender’s way. We posit
that ball screens can be detected using three observables:

Γ

P
µ

X t = distance between on-ball defender and
offensive player closest to the ball handler
Y t = distance between ball handler and the hoop
C t = speed of the offensive player closest
to the ball handler

φ, ζ

Figure 3: Graphical representation of defensive assignment model.

I t+1 is very large. We make a simplifying assumption that
at most one defensive assignment change at a time. With
this assumption, the number of possible values I t+1 given
It reduces to 25. It might appear this assumption does not
allow for a defense switch that is initiated simultaneously.
However, recall that the temporal resolution of our data is
very high (1/25 = 0.04 s), therefore, we can capture multiple changes in defense assignment in consecutive time
points, and macroscopically it would appear that multiple
assignments changed simultaneously.
We display the graphical model corresponding to this
generative process in Figure 3:
– For each player p, sample Γ p ∼ N(µ Γ , K)
– For each time point t, sample defensive assignment I t+1
using the BEAT matrix.
– Sample each defender’s
(︁ location at)︁ each time point
2
using D ti |I tij = 1 ∼ N Z ⊤
tj Γ g(t,j) , σ D
This concludes the description of our defensive assignment model. We discuss the inference in later sections.

2.2 Hidden Markov model for actions
In our event detection HMMs, we define the binary hidden state at each time point as an indicator of whether the
event is under progress. We leverage the fact that the distribution of some key observables are different when the
event is happening as compared to when it is not. We use
this prior information to specify the parametric form of
the emission distributions of these observables. We expect
the HMM model to learn the exact distribution to be able
to clearly distinguish between on and off event state. We
model the the fact that when an action occurs, it usually
lasts for some period of time by modeling event indicator
as a Markov chain. We provide the specific details for each

Note that Xt is available as an observable only if we have
a model for learning the defensive assignment. It is critical that the defensive assignment is very accurate, since
errors in the defensive assignment gets amplified in ball
screen HMM (see Figure 4).
Let St denote the indicator for the ball screen event.
When St = 1, we expect Xt to be small. (McQueen, Wiens,
and Guttag 2014). When St = 0, Xt may potentially have
heavy tails. We model this by setting the postulating the
following distribution
X t |S t = 1 ∼ exp(λ x )

X t |S t = 0 ∼ log N(µ x , σ2x ).

We model the fact that ball screens typically occur near the
the 3-point line by setting
Y t |S t = 1 ∼ logN(µ y , σ2y )

Y t |S t = 0 ∼ Unif(0, θ s ),

where the baseline distribution is chosen to be uniform
to put the least restrictions on the realization of Yt when
St = 0. During a ball screen event, Ct should be small, i.e.
S

S

S

S

X

X

X

X

Y

Y

Y

Y

C

C

C

C

...

Figure 4: Hidden Markov model for ball screen.
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the screener should not moving much once the screen is
set² We model this by setting
C t |S t = 1 ∼ exp(λ c )

C t |S t = 0 ∼ log N(µ c , σ2c ),

where the baseline distribution is log-normal.
The hidden states St evolve according the transition
matrix
S t+1 = 0 S t+1 = 1
St = 0
St = 1

ρ0s

1 − ρ1s

1 − ρ0s

(3)

ρ1s

2.2.2 Drive
A drive is a running movement to the hoop with the ball to
take a layup, dunk or pass, etc. The intent of driving is not
just to score (although it is probably the most common reason). It may be to draw a foul, draw the defense and hence
pass the ball out to a teammate, or simply to create a ball
movement.
We posit that a drive event can be recognized using the
observables:
V t = velocity towards the hoop,
Y t = distance between the ball handler and the hoop,
where Vt denotes the projection of the velocity vector computed using a single time frame onto the vector between
the ball handler and the hoop.
Let Gt denote an indicator for a drive event. When
Gt = 1, we expect Vt to be large, i.e. fast movement
towards the hoop, and the higher the velocity of the ball
handler, the more likely that Gt = 1. We model this by
setting
1/V t+ |G t = 1 ∼ exp(λ v )

A post-up is to establish a position in the low post, the area
near the basket below the foul line. The offensive player
usually faces away from the basket, so that his body can
protect the ball from the defender.
The postulate that a post-up event can be recognized
by focusing the on the observables:
A t = speed of the ball handler
Y t = distance of the ball handler and the hoop
R t = distance between the ball handler and
the on-ball defender
Let Ut be an indicator for a post-up event. Under a postup event, we expect At to be small, i.e. slow movement
towards the hoop, and the lower the speed of the ball handler, the more likely it is a post-up event. We model this by
setting
A t |U t = 1 ∼ exp(λ a )

A t |U t = 0 ∼ log N(µ a , σ2a )

Since post-ups mostly happen in the low post (the area
near the basket below the foul line), it makes sense for Yt
to have a log-normal distribution with the mode at the low
post. We assume a uniform distribution for the baseline of
Yt . We set
Y t |U t = 1 ∼ log N(µ y , σ2y )

Y t |U t = 0 ∼ Unif(0, θ u ).

During a post-up, Rt should be small, i.e. the on-ball
defender should be close to the ball handler once the
post-up is set for the duration. We capture this by setting
R t |U t = 1 ∼ exp(λ r )

R t |U t = 0 ∼ log N(µ r , σ2r )

We model the time evolution of the hidden state Ut
using the transition probability in (3).

V t |G t = 0 ∼ N(µ v , σ2v ).

As a drive event progresses, the ball handler gets nearer to
the hoop. Hence, it is sensible for Yt to have an exponential
distribution. We set
Y t |G t = 1 ∼ exp(λ y ),

2.2.3 Post-up

Y t |G t = 0 ∼ Unif(0, θ g ).

The transition probability of Markov chain for the hidden
states Gt is given by (3).

2 The screening player must remain stationary; a moving screen is an
offensive foul.

3 Inference
We learn the defense assignment model before training
our event detection models. The defense match is an input
to our event detection model. First we describe the inference for the defense assignment model.
The output of our model is the defense assignment for
each time point in each possession. Our sampling based
approach to learn the model parameters is summarized
in Algorithm 1. Given the bond parameters and the normal likelihood of D, sampling I using forward filtering and
backward sampling algorithm is straight forward (Bishop
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Algorithm 1: Inference for defensive assignment.
1

2

3
4

5

6

Algorithm 2: Inference for event detection.
^ 0 ), P(x|h),
^
^
^ ′ |h)
1 Initialize P(h
P(y|h),
..., and P(h

Initialize all the fixed parameters. In particular, set
e = τ = 0, σ2D = 5, Γ = µ = [0.5, 0.25, 0.25]⊤ ,
ϕ = 3, ζ 2 = 10 for all the players at all the court
locations. We use notation θ for all the fixed
parameters
Sample from p(I|Γ, D, θ) using forward filtering
backward sampling algorithm (Bishop 2006)
Update e and τ given the sample of I using eq 2
Sample p(Γ|I, D, θ). Note that this step can be done
in parallel to step 3
Update kernel parameters σ, ϕ, and σD given the
sample of Γ
Repeat steps 2–5 until convergence

2

3

4
5

2006). In step 3, we update the bond parameters given
the state transitions I using the gradient based BFGS algorithm for maximizing the likelihood P(I|τ, e) (Wright and
Nocedal 2006). Also, leveraging translational invariance,
we set the value of e1 = 0 to compute an unique optimal
solution to the bond parameters. Please refer to Figures 10
and 11 in the Appendix for convergence plot in one of the
iterations.
After we sample I in step 2, we index the data with
respect to an offensive player and grid. For player p and kth bin in the grid, we index observation j ∈ {1, ..., N pk },
where N pk is the total number of instances that player
∑︀N pk
T
p is observed in k-th bin. Let W k = j=1
Z kj Z kj
and
∑︀N pk
⊤
V k = j=1 Z kj D kj . Define V = [V1 , ..., V K ] and W to be
a block diagonal matrix with each block being Wk for
k = 1, . . ., K. Then, we can express the data likelihood as
the following:
(︁
)︁
T
T
1
P D|Γ p , σ2D ∝ e− 2σ2 (Γ p W Γ p −2Γ p V )
Please refer to the Appendix for derivation. Using the GP
prior on Γp , its posterior distribution is given by
P(Γ p | D) ∝ P(D|Γ p )P(Γ p )
)︂
(︂
1
∝ exp − [Γ p − µ]T Σ−1 [Γ p − µ]
2
µ = σW2
)︁−1 D
−1

where
(︁
W
+K
σ2
D

(︁

−1

+K

)︁−1 (︁
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randomly
E Step: For each sequence x, y, z, ..., compute
^ 0 |x, y, z, ...), P(h
^ t , h t+1 |x, y, z, ...), P(h
^ ′ |h)
P(h
using forward-backward algorithm
M Step: Update the model parameters
^ 0 ), P(x|h),
^
^
^ ′ |h) using MLE
P(h
P(y|h),
..., and P(h
Repeat steps 2–3 until convergence
Compute most likely sequence of hidden states,
h = (h0 , ..., h T ) using Viterbi algorithm

a normal distribution under a linear variable transformation. Please refer to the Appendix to see the details. Finally,
to update the kernel parameters, we use moment matching
(Hansen 1982) on the sample covariance of the sampled Γ.
We use linear regression to minimize sum of squared errors
of the elements of the sample covariance matrix and the
kernel function. We use convergence of the data likelihood
p(D|θ) as our convergence criteria.
For the inference of event detection, we take a conventional inference approach for HMM using EM, and
we use the Viterbi algorithm to compute the most likely
sequence of hidden states (Viterbi 1967; Bishop 2006). h t ∈
{S t , G t , U t } is an hidden state of an action, and x, y, z, ...
are sequences of observed states for an action. Refer to
Algorithm 2 for details.

4 Results
4.1 Defensive assignments
We tested our model on approximately 10,000 possession
randomly sampled from 314 matches in the 2015–2016 NBA
regular season. The estimated energy parameters associated with the bonds are shown in Table 1. The order of
energy parameters is reasonable: e4 > e3 > e2 > e1 . For
instance, e3 > e2 means that a 2-on-1 on-ball defense is
Table 1: Estimated parameters for defense assignment model.

V
σ2D

+K

−1

µΓ

)︁

and

Σ=

. Hence, the posterior distribution is

Γ p | D, I, σ2D ∼ N (µ, Σ) with Γ Tpk 1 = 1
Sampling from a normal posterior under a linear constraint can be shown to be equivalent to sampling from

Parameters
e1
e2
e3
e4
τ
σ 2D

Values
0
0.547
2.055
2.159
2.652
6.912
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Figure 5: The sequence illustrates snapshots of our defense assignment and event detection modeling results from Houston Rockets vs.
Washington Wizards match on January 30th, 2016. The red and blue circles are offensive and defensive players respectively.

less stable than 1-on-1 defense (see Figure 2). Also, guarding a player with the ball is a relatively more stable configuration than guarding a non ball-handler. A high value
of τ reflects that the change in the defensive assignment is
not frequent.
One way to verify how well defensive modeling works
is to visually check the sequence of assignments in each
possession. Figures 5 and 8 illustrate snapshots of offensive possessions. The red and blue circles in the figures
represent offensive and defensive players respectively.
Empirically, our model captures defensive match-ups –
which is indicated by lines between offensive and defensive players – very well at any given moment, over different
regions of the court. It also accurately infers switches and
double teams which appear during the possession shown
in the figure.
In order to verify the performance of our model quantitatively and to compare with other benchmarks, we asked
independent annotators to create hand-coded labels for
defensive assignments by watching the actual videos of
Minnesota Timberwolves vs. Toronto Raptors match on
February 10th, 2016 and Boston Celtics vs. Atlanta Hawks
on April 22nd, 2016. We compared the results from four different defensive assignment criteria – the closest defender,
fixed Γ model, and our defense assignment model, Gravity model – against the tagged labels. The closest defender
simply assigns the defensive player that is closest to an
offensive player. Fixed Γ model is the model suggested in
(Franks et al. 2015) and does not allow for Γ to be function of the player identity or location. Gravity model is the
defense assignment model with player dependency and
location dependency without using bond-based transition

Table 2: Defense assignment accuracy comparison.
Model
Closest defender
Fixed Γ model
Gravity model
Gravity model + BEAT

Accuracy
0.7443
0.9204
0.9346
0.9577

probability but with simple uniform transition probability that fixed Γ model uses. Gravity model + BEAT is our
full model with bond-based transition probability. Table 2
shows that both fixed Γ model and player dependent Gravity models clearly perform better than the baseline closest
defender assignment. This suggests that modeling is necessary to infer the assignment information. We observe
that our full model, Gravity model with BEAT, performs
best among the four models we compare.
Note that while our model produces the highest accuracy, it is not just in accuracy that our modeling has
an advantage over others – we gain more insights about
how individual players attracts defenders. Figure 6 displays the estimated player attraction γo for selected NBA
players, namely Stephen Curry, DeAndre Jordan, and
LeBron James, as a function of the court location. It shows
that different players clearly exhibit different levels of
attraction to their defenders, while attraction rate generally increases as players get closer to the hoop. Stephen
Curry who is known to be an elite shooter in the NBA with
long shooting range, causes his defenders to guard him
closer. The left heat map in Figure 6 shows the clear pattern of how closely Curry is guarded over the court. Conversely, we observe that DeAndre Jordan is far less closely

S. Keshri et al.: Automatic event detection in basketball using HMM with energy based defensive assignment |

149

Figure 6: Player and location dependency On Γ.

Figure 7: (A) Estimated mean Γ when players are inside 3-point line. (B) Estimated mean Γ when players are outside 3-point line. Mean
of sampled Γ vectors across the court for Golden State Warriors players: player names are (from left to right) Shaun Livingston, Klay
Thompson, Draymond Green, Stephen Curry, Harrison Barnes, Leandro Barbosa, Andre Iguodala, Andrew Bogut.

guarded by his defender, as shown in the middle heat
map. Especially when Jordan is outside the 3-point line,
his marginal attraction on defender appears to be very low,
which was expected due to his widely known poor shooting ability. One interesting observation is that defensive
gravity appears to be elongated (or spread) vertically along
the baseline for all the three players, showing longer vertical high values than the horizontal. This may be due to
defensive attempts to prevent easier (and closer) corner
3-pointers. Figure 7 shows estimated Γ vectors for players of the Golden State Warriors. It presents considerable
difference in estimated Γ vectors across different players.
Figures 6 and 7 suggest that player and location dependent
modeling on defensive assignment is plausible.

4.2 Event detection
As with defense modeling results, one way to verify how
event detection works is a visual verification. Figure 5

illustrates a sequence that contains both ball screen and
drive events. A ball screen occurs starting in the 3rd figure.
Our model correctly detects this ball screen action and
identifying the screener and the ball handler, which is
indicated by green color. Then, the ball screen is followed
by a drive to the basket (starting in the 7th figure) and
our model also recognizes the action correctly. Figure 8
illustrates a sequence that contains a ball screen. Our
model appears to correctly detect the event As we observe
in both Figures 5 and 8, our model automatically detects
the beginning and the end of actions and identify action
types accurately. The demo videos of our methods may be
viewed on the project website: https://sites.google.com/
view/eventdetection/.
To evaluate the performance of our event detection model, we asked independent human annotators
to create hand-coded labels for actions by watching an
actual video of Houston Rocket vs. Washington Wizard
match on January 30th, 2016 and and Boston Celtics vs.
Atlanta Hawks match on April 22nd, 2016. For comparison
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Figure 8: The snapshots of a sequence that contains a ball screen event from Boston Celtics vs. Atlanta Hawks match on April 22nd, 2016.
The red and blue circles are offensive and defensive players respectively.

purposes, the annotators first generated individual player
possession segments, during which a ball handler is fixed,
i.e. if the ball handler changes, then it will mark a new
player possession segment. Since the data contains 25
frames per second, our model predicts on the time scale
of 25 frames per second. However, it was not feasible for
a human to watch and label actions at the same rate. A
human annotator only has access to the game clock to
record the start and end time of an event, and hence indicates the time to the closest full second unless there is less
than 1 second remaining in a quarter. In order to set up fair
comparison between the human annotator and the prediction algorithm, we measured performance on the event
segment level. We compared the predicted labels inferred
by our model against human-annotated labels. A segment
is marked positive in the actual setting if the human annotator found an event in the segment, and zero otherwise.
Similarly, a segment was marked positive in the predicted
setting if our prediction algorithm found an event in the
segment, and negative otherwise. The confusion matrices
for the three actions are shown in Tables 3, 4, and 5. The
results show high accuracy of our action detection models for ball screen, drive, and post-up with accuracy of
0.882, 0.944, and 0.989, respectively for the Gravity + BEAT
model.

4.3 Discussion on event detection errors
We have a relatively lower accuracy for ball screen
event detection compared to the other events. This was
somewhat expected due to the complexity of the event and

its dependence on pairwise distances of multiple players
involved in the event. Note that most of the misclassifications come from false positives, i.e. predicting non-screen
events to be screens. We found that many of these misclassifications come from hand-offs or slip screens (without
properly setting a screen) which appear to be very similar to ball screens, especially on coordinate visualization.
One example is shown in Figure 9, where James Harden
(Number 13 on red) comes closer to the on-ball defender
but before he sets up a screen he slides over to the top
of the three-point arc. Our model predicts this sequence
to be a screen. However, after verifying on the video, we
confirmed that it is not a screen. Challenges in distinguishing these subtle difference lie in the limitations of the
data, i.e. that fact that the location of the player is represented only as x-y coordinate without any information on
player orientation or hand-movements, etc., which is in
fact significantly helpful when visually classifying these
events. However, despite these limitations, our methods
still performs well on events considered.

4.4 Accuracy dependence on defensive
assignemnts
We also provide the results from using different defensive
assignments to show the event detection’s dependence on
the defensive assignment accuracy (Tables 3, 4, and 5).
First, event detection with closest defender as defense
assignments clearly performs poorly on ball screens
and post-up since detecting these events require the
identification of defensive players. Using closest defender

Table 3: Ball screen detection.
Prediction
Using closest defender
Actual
Positive
Negative

Fixed Γ model

Gravity + BEAT

Positive

Negative

Positive

Negative

Positive

Negative

103
84

60
168

142
49

21
203

155
41

8
211
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Table 4: Drive detection.
Prediction
Using closest defender
Actual

Fixed Γ model

Gravity + BEAT

Positive

Negative

Positive

Negative

Positive

Negative

127
7

7
111

127
7

7
111

127
7

7
111

Positive
Negative

Table 5: Post-up detection.
Prediction
Using closest defender
Actual

Fixed Γ model

Gravity + BEAT

Positive

Negative

Positive

Negative

Positive

Negative

15
109

4
532

17
21

2
620

18
6

1
635

Positive
Negative

Figure 9: The snapshots of a sequence that contains a misclassified ball screen event. The red and blue circles are offensive and defensive
players respectively.

performs significantly worse in ball screen events since the
identification of the on-ball defender can be more challenging in ball screens (due to defender switching, or the
defender going under the screen). Note that drive events do
not depend on defender identification. Hence, the results
are the same for all defensive assignments. Overall, using
Gravity + BEAT gives better results than using fixed Γ
model (Franks et al. 2015) due to the higher accuracy in
defensive assignments (as reported in Table 2).

between players and understand their abilities which are
not explicitly known otherwise. We argue that our work
lays a foundation for creating richer analytics both based
on event detection and accurate defense assignment information.

A Appendix
A.1 Derivation of posterior distribution of Γ

5 Conclusion
Our automatic event detection system provides a new
framework to detect events in basketball without any
human annotations. We can extend the scope of events to
be detected as long as one can describe the events with
characteristic conditional distributions. We also introduce
a novel heat map representation and quantification of an
offensive player’s gravity over the court, and show that
it serves as groundwork for detecting actions. Using our
methods, one can quantify similarities and differences

The data likelihood is
(︁
)︁
P D|Γ p , σ2D
)︁ (︀
∏︁ [︁ (︁
)︀]︁I tij
=
P D ti |I tij , Γ, σ2D P I tij |I(t−1)i.
t,j,k

∝

N pk
K ∏︁
∏︁

T

T
T
1
e− 2σ2 [Z kj Γ pk −D kj ] [Z kj Γ pk −D kj ]

k=1 j=1
∑︀
∑︀
− 2σ12 ( k Γ Tpk W k Γ pk −2 k Γ Tpk V k )

∝e
where W k =

∑︀N pk

j=1

T
Z kj Z kj
and V k =

∑︀N pk

j=1

Z kj D kj .
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Note that we no longer write the likelihood with
respect to time. Only thing that time tells us is the assignment of defensive players to offensive players. Once we
have estimated the sequence I, then we no longer have
time dependence in our data. From the estimation perspective, it is more efficient to write the likelihood in terms
of events.
Let V = [V1 , ..., V K ]⊤ and Γ p = [Γ p1 , ..., Γ pK ]⊤ . Also,
we define W to be a block diagonal matrix with each block
being Wk for k = 1, . . ., K. Then, we can express the data
likelihood as the following:
(︁
)︁
T
T
1
P D|Γ p , σ2D ∝ e− 2σ2 (Γ p W Γ p −2Γ p V )

A.3 Convergences

Using the GP prior on Γp mentioned above
Γ p ∼ GP(µ Γ , K),
Figure 10: Convergence Of data log-likelihood in defense
assignment modeling.

we can compute the posterior distribution
P(Γ p | D)
∝ P(D|Γ p )P(Γ p )
∝e

−

1
2σ2
D

(Γ Tp W Γ p −2Γ Tp V )

1

· e− 2 (Γ p −µ Γ )

T

K−1 (Γ p −µ Γ )

(︂
)︂
1
∝ exp − [Γ p − µ]T Σ−1 [Γ p − µ]
2
)︁−1 (︁
)︁
(︁
−1
V
+
K
µ
and Σ =
where µ = σW2 + K−1
2
Γ
σD
(︁
)︁−1 D
W
+ K−1
. Hence, the posterior distribution is
σ2
D

Γ p | D, I, σ2D ∼ N (µ, Σ) with Γ Tpk 1 = 1.

A.2 Sampling of multivariate gaussian
distribution with linear constraints
We want to simulate z ∼ N(µ, Σ) conditioned on Fz = v.
Without loss of generality, assume that F ∈ Rm×n has full
row rank. Define:
– P = F ⊤ (FF ⊤ )−1 F: projection onto F = {F ⊤ v : v ∈
Rm }
– P⊥ = I − P: projection onto the linear space orthogonal
to F
Then, the distribution of z conditioned on Fz = v is given
by
(︁
)︁
z ∼ N v̄ + P⊥ µ, P⊥ Σ(P⊥ )⊤
where v̄ = F ⊤ (FF ⊤ )−1 v.

Figure 11: Convergence Of BFGS algorithm for defense transition
modeling.
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