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Abstract—Our work as a spatiotemporal model predictive
dynamic (STMPD) on a basketball game capable of high-
level decision making . Our motivated and skilled experts
solve complex decision-making problems at every time
point during a game. The conditional intensity of a temporal
point process can be learned based on a network, and the
likelihood is maximised during training. A Fine-grained
player locations started with the simplest case of modelling,
where certain players tend to shoot the ball. They discretize
the court into cells fine enough to capture all significant
spatial variations in model for predicting dynamics in-game,
e.g., shooting policy, passing, and who relies on Markov
transition probabilities to propagate action through a
possession. We propose a method for learning factored
Markov decision problems . We use a method that captures
the multi-modal behaviour of the players' truth ground and
estimation trajectory Prediction is a method for predicting
multimodal trajectory by learning a model that assigns
probabilities through conducting temporal classification
(resolution) (CTC) architectures by generalising away from
actual time stamps to recreate the predicted trajectory. Our
proposed method of contribution is as follows : i) The
method is built on an LSTM-based architecture predicting
multiple trajectories and our probabilities, and then we use
training with a multimodal loss function when updating the
best trajectories . ii) a discriminative learning method for
automatically training models to predict near-term game
events based on current game conditions . iii) learning
factored Markov decision processes (FMDP) problems from
domain exploration and expert assistance, ensuring
convergence to near-optimal behaviour even after the agent
has started to learn critical success factors. 1V) An algorithm
1,2, detects changes in possession, pass, and shot players
that have been incrementally learned for all components of
FMDP, and algorithm 3, which guarantees convergence to
near-optimal behaviour even when the agent begins
unaware of factors critical to success. A group of players
shooting probability to enhance a probabilistic matrix

Il. Related Work

Multi-modal trajectory predictions are used to generate
multi-modal use training with a multimodal similar loss
function for pedestrian trajectories. This is difficult in a
number of scientific areas [58]. Researchers have worked on
this problem to improve the combined performance and the
analogies between the coarsened possession process [4].
The main reason is that it is an area of [17] [1] [2] that
affects learning fine-grained spatial models for dynamic
sports play prediction of the game. A dataset of fine-
grained, personalized, adversarial multi-agent tracking data
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factorization decision method to predict score results in the
NBA.
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ILINTRODUCTION

In recent years, artificial intelligence and computer vision
have started revolutionising how particularly important in
invasion sports performance and results are being analysed
and trained, which includes the use of fine-grained player
tracking data during sporting events, with exact player and
ball motion prediction. Refer to [12] for a previous
application of statistical techniques to analyses technical
and tactically relevant events, the outcome of shots on
target, and the ratio of points to ball possession to determine
variables supporting successful team performance. It has
recently been utilizing multi-agent alignment to players
where bottom-up and top-down group representations of
trajectory prediction are utilised
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Fig. 1: a) Given a 2D trajectory history of moving agents
(solid lines), and the future motion of a subset of the agents
(blue dashed lines); our prediction task b) is to generate the
most likely motion of the other agents (orange, purple
dashed lines) .

On the other hand, there are use cases that can be useful for
accurate motion agent prediction, which extends to other
applications [25], for example, improving game
broadcasting on television by optimizing camera movement
[13], [14]. Prediction of human trajectories can be used to
enhance tracking accuracy by[10][16] [15]. In order to train
a model to predict multiple trajectories and their
probabilities, we rely on an adaptation of the multi-modal
loss function presented in [40].

which can be made available for research purposes [9], [10],
[16]. We proposed an iterative method to calculate the
probability distribution vector of a transition probability
tensor (TPT) . MDPs framework with inherent non-
stationarity the shot clock makes assessing shot choice
optimality solution for the problem for basketball plays
dependent TPT, as studied by [32]. It is an area of their
research . Sports analytics systems rely on a variety of data
sources for event detection[63] [68]. They We have
described an unsupervised learning framework based on a


mailto:Adelshanna3000@gmail.com
mailto:ralsaeedi@uowasit.edu.iq

NN Publication

time-varying Poisson process model that can account for
anomalous events [26]. Event detection from time series
data demonstrated that the maximum likelihood estimate for
is equivalent whether it maximises over the product of
independent Poisson densities , according to [6] ,[29], [30].
hey wused hierarchical spatial prediction modelling
specifications for large data sets [47]. A particle swarm
optimization(PSO) based algorithm for object tracking
Object locations in each frame are determined from a
Gaussian distribution to cover the PSO. This takes place in
order to concentrate the particles near the true object state.
[50] [51] [52]. Our work describes online learning, which
employs adaptively updated proximal functions to control
the gradient steps of the stochastic optimization algorithm,
which significantly simplifies setting a learning rate and
computing descent second order gradient vectors that are
sparse by constructing approximations to the functions
Hessian [59]. The problem of planning under uncertainty in
observation space is very large. Using a dynamic of
probabilistic matrix factorization (PMF) for Bayesian
variant networks to generate spatial and temporal
abstractions capable of high-level decision making ,where
transition and reward functions of an factored MDP are
defined [33] , [53]. They have derived a belief-dependent
reward that the accumulated rewards correspond exactly to
the performance criterion [54] and problem of inferring the
transition , used by [55]. Our experiments show our agent
learns optimal behaviour on small and large problems while
MDP with unawareness is defined as (MDPUSs).We propose
A .Adaptive Event Detection

A simple approach for detecting a pass, so, can be based on
detecting two consecutive basic continuous-time events for
predicting basketball possession, a general framework for
continuous-time within-play valuation in football using
player-tracking data [61]. [6] proposed an iterative
likelihood-based method for segmenting a time series into
piecewise homogeneous regions. Referring to [7], in the
data analysis, the Bayesian modelling intensity and
reversible jump Markov chain Monte Carlo (RIMCMC)
methods can be used as dynamic programming algorithms
for finding the best fitting and piecewise constant intensity
functions can be utilised to model continuous intensities.
This paper investigates the problem of segmenting sets of
low-level time-stamped events into time-periods of
relatively constant intensity. This is a parallel hidden
Markov model for each trajectory under study. Simple
heuristics for pruning the number of the potential change
points of the functions provide approach to modelling by
indicating the expected number of event sequences using
time-dependent intensity functions. Each upper level state is
modelled using a Gaussian mixture model, a combination of
Poisson models and Bayesian estimation methods, the
duration of time spent. The model proposed is derived from
the Markov modulated Poisson processes used by [8]for
analysis of [22]. Detecting soccer video streams and
detecting the events directly from [24], [23]. A survey
conducted by [25] lists numerous tasks related to the
spatiotemporal analysis of team sports. However, as of yet,
B. Fine-Grained Dynamic Spatial Models

They adapt their approach to represent the spatial structure
that governs shots that can be selected among basketball
players. A spatial of player shooting probability to enhance
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a system where an agent makes explicit attempts to include
its unawareness with sequential decision problems [57].
Conditional random fields (CRF) provide a unique
combination of properties for discriminatively trained
models for sequence segmentation and labelling [65]. We
propose a method for testing and comparing shot policies
that computes for the dynamic regularity of a basketball
play. Our goal is to learn the state-value function. The
expected possession value (EPV) called the expected
return from a state and is based on a policy that defines the
probability to solve the problem of estimating the long-term
reward that a team in possession of the ball could expect
according to the game situation state at any adaptive event
time With soccer spatiotemporal data, traces of player
trajectories can be discrete actions that a player can take at
any time [24][25],[61] . [5] to incorporate spatial priors and
non-negative matrix factorization technique (NMF), and the
constraint makes our approach similar to related approaches
based on NMF [19] [20] [37], in order to best decision
making for NBA shot selection. Learning factors correspond
to an interpretable representation that can recover the
adjacency matrix of a given network with block stochastic
gradient descent of NBA players, by [19] and [21].We
have knowledge that how players make their decisions
and (NBA) players are movement trajectories during game
We understand how players make their decisions and
(NBA) players are movement trajectories during a game
who are highly motivated and skilled experts that solve
complex decision-making problems at every time point.

only a few attempts have been made to deal with ball-event
processing. Furthermore, these studies concentrate on
categorizing and labelling known events [3], [67]
predicting future events [18], [27].Certain approaches to
automatic event detection have been proposed only in recent
introduced paper by [28], [68]. Both of these factors
complicate the data mining problem of locating and
analysing these anomalous events. We describe an
unsupervised learning framework based on a time-varying
Poisson process model that can account for anomalous
events.In  [26], consider a  Multinomial-Poisson
transformation as y = (Y;,Y,, Y,) Poisson random
variables are independent with means A = (4, A,..., 4,,).
The joint distribution of e factorizes into the product of a
multinomial distribution and a Poisson distribution over n =
M. Yand  fy)=[IM. f@)  and  Poisson(n|
A)Multinomial(Ys|a,n) A=Y, 4 a = (ay, ay,...ay)
i,

- 2?:1)“1',
that the maximum likelihood estimate is equivalent whether
it maximises over the multinomial density/ the independent
Poisson densities is product . (according to [29], [30]). The
connection to modelling Markov transitions is obvious;
assuming Poisson, we estimate the dependent transition
probabilities as follows: P;; = /11-]'/2;?:1 Aij (2) according to

[6].

a; (1) .For the constraint n = A , demonstrated

a probabilistic matrix factorization method to predict score
results in the NBA. [64] has been significantly based on the
statistical approach to the temporal point process concept.
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On the other hand, its effectiveness in capturing the
underlying temporal dynamics as well as the correlation
within sequential pattern activity data ,according to [60],
also extends their system dependent based on the estimation
application for predicting the timing. [34] enhanced any
application for the estimation of the defensive effect of
NBA centers on shot sequence and shot efficiency. Both of
the spatial/temporal functions and a nonparametric prior
have been wused to model neural data, in[35].A
spatially random point process in some space is represented
Poisson Processes that can be derived from the entire X, for
which the number of points defined as A that end up in
some set A < X is Poisson distributed. They use an
inhomogeneous Poisson process on domain X. That is, used
a model of the set of spatial points, x4, , ..., xy With x,, € X,
as a Poisson process with a non-negative intensity function
A(X) : X —» R+, Fitting the a log Gaussian Cox process(
LGCPs) for each player's set of points, x,,, the likelihood of
the point process is discretely approached as:

p(xnlln(- ))z HE:I p(xn,leAln.v) (3)

where, symbols , A,,,,(.) is the exact intensity function, 4,
is the discretized intensity function (vector), and AA is the
area of allowing us to treat each tile independently that is

implying one from Progressive. , uniform intensity

A, ».Explicitly representing the Gaussian random field z,,

the posterior as follows P(znlxn) [
An.vxn'v

p(xnlzn)p(zn):l_lz;le_ln'v X! N(ano' k) (4)

An=exp(zn+2,) 'Where the prior cross z, is a mean zero
normal with covariance K, , = K(x,; x,), determined by
Equation (4), and z, is a bias term that parameterizes the
mean rate of the Poisson process. Samples of the posterior
p(A,|x,) can be done by transforming samples of z,|x,.
They instead employ elliptical slice sampling. [36] to
approaches defined as the posterior for each player of 4,,
and it has subsequently store the posterior mean . The
optimization problem has also been solved by the tactics
from [37] and [20], comparing them to highlight the
difference between the resulting basis vectors. Consider the
latent factors ( L) representing the locations on the court
that players tend to shoot from having been given the
regularization term as:R; (L) = Y. Ko 3ll Lo—Ly 11* (5)
where K, ;, governs for the degree of similarity between ¢

and #. And Equation (5) has the effect that is pushed to the
spatial parameters to vary smoothly. The similarity
coefficients k can be used to select any kernel function
2

using as follow: RBF kernel: K, ; = exp [M] (6)

where ¢ is a tunable parameter governing the degree of
smoothness. To regularise all of their spatially strong
factors, they usually (t)adopt a symmetric approach. This
approach carries convergence to generative models that
perform a Gaussian process prior to [66], [35], [33], Non-
Negativity Constraints: their flexible space of model
parameters C requires that all of the latent factor
components be non-negative. They reasoned that the
constraint makes their approach similar to related
approaches based on non-negative matrix factorization,
which are used to extract explainable models by [19], [20],
and [21]. As such, non-negative latent factor models have
also been used for analysis of shot charts of NBA players, as
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summarised in figure 3. In [5], factorized point process
intensities are defined.
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Figure 3: Nonnegative matrix factorization (NMF) learns a parts-
based representation of faces .

They model player locations as positively influencing the
probability of an event happening, and defensible locations as
negating the influence. We have constructed a general
inference framework wherein one can estimate continuous
Markov transition densities in two steps: First, assume that
sequential elements of the Markov chain (x,_;, x;) are
realizations from a Poisson point process note that x;_,
and x, can be vector valued and estimate the corresponding
point process intensity function A((x._;, x;)). Second,
calculate the conditional transition density fixed x._,as

. _ A((xt—1xt))

follows: ?(xt,xt_l) = m (7)

Our estimate of the transition density is a valid density, and
variates from it can be easily simulated using any method
that allows for sampling from a nonstandard distribution,
i.e., rejection sampling, in [42]. Such as One of the simplest
is the kernel density estimator introduced by [43] [63],
where it is proposed that the intensity function be estimated

as follows: A(s)= ﬁ moky(s—sp) (8) where

ky () is a kernel function with bandwidth p,(s), and is an
edge correction that scales the intensity function to integrate
to the appropriate count. While this kernel estimator is
useful, in order to incorporate additional structural
information, a more sophisticated approach is necessary;
LGCP provides an elegant solution. It is a Poisson point
process with (s) =exp?®) | where z(s), denotes the Gaussian
process .We are interested in modelling the movement of
the ball around the court. The movement of the ball is
assumed to be a first-order Markov chain, with shots, fouls,
and turnovers serving as absorbing states. A spatial model
can be constructed by convolving a very simple process
with a kernel point at the computational expense; a method
that replaces the latent Gaussian process with a basis
function expansion reliant on a smoothing kernel is
described. Convoluting model for flexible space and space-
time models [44] , The hidden-state at time t is used to
predict the distribution of the trajectory position ("x, Ay)iﬂat
the next time-step t+1, they assume a bivariate Gaussian
distribution parametrized by the mean (k). = (ux,uw),.,,
standard deviation (o)., = (ox0y).,, and correlation
coefficient pi,,, [9]. They had simplified computation
structural information ( LGCPs ) are doubly stochastic,
including integrated nested Laplace approximation (INLA),
which is designed for latent Gaussian, is a computationally
effective alternative to MCMC for Bayesian inference .
INLA models, flexible class of models from linear mixed
to spatial and spatio-temporal models [45], nearest-
neighbors Gaussian processes, [46], and predictive
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processes, [47]. . We graphically depict our point process
data, LGCP representation reconstruction in Figure 4.

Stephen Curry LGCP LeBron James LGCP
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Fig 4. NBA player representations LGCP surfaces

In this paper, A target receiver and a pass result (successful
or failed) are Some passes comprise the pass event of the
player speed trajectory line in their model. Possession can
be summarised by a player attempting to pass the ball to a
teammate, who can record the occurrence of a pass event
Fine-Grained Dynamic Spatial Models in [1] and [2]. The
ball sometimes leaves the neighbourhood of a ball-
possessing player; the ball goes out of bounds to players that
can receive the ball into the possession of another player,
either a teammate or not. Determining whether the ball is
located where it can be intercepted by a certain player can
take the process of a z-coordinate of the ball. The ball speed
and trajectory near a player is a sharp modification, and it is
the best indication of pass reception. However, passes that
do significantly notice ball movement, which is required for
undefined passes to modify moving in the direction, single-
prediction models as multiple hypothesis prediction (MHP)
models, and an associated meta loss function and
optimization procedure to train in [41]. It is enough to treat
an event that ends with a ball passing closer than a certain
distance from the nearest goal as a shot target, in [5].
Human trajectory prediction in crowded spaces is addressed
in [9] and spatial graph networks for pedestrian trajectory
prediction [10]. [16]. temporal point process is a stochastic
model that helps to capture the arrival pattern of a series of
events. These include conducting temporal classification
(CTC) architectures. [11] provides an example of a
formalised CTC model conducting classification by
generalising our coming from actual time stamps, but
prediction methods progress from temporal values. A
temporal point process is a stochastic model used to capture
the arrival pattern of a series of events. The "conditional
intensity" characterizes temporal point processes, which are
tested in a variety of areas. [60], [38] for efficient prediction
C. Multiresolution possession Model

Concepts similar expected possession value (EPV), where
are modeled conditional on observed progress, have had
statistical treatment in-game win probability in baseball
.The present process model for a basketball possession
requires some formalism by describing the full found path
planning of a specific possession players. This enables us to
represent the free space of all possible basketball
possessions players derived from a stochastic process
model for the evolution of a basketball possession. defined
as X(w)e{ 0,2,3}as point score. Z is a high dimensional
space that includes (x; y) coordinates for all players on the
court,(x; y; z) coordinates for the ball can be possession
path w, define as Z (w) .The optical tracking time-varying
series generated by this possession players that Z,(w) € Z, t
> 0, is a catch of the tracking data exactly time t seconds
from the begin of the possession time (t = 0), time—varying
Poisson processes according to [26].The except can be
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of Gaussian-process-modulated renewal processes with
framework application to medical event data [65] describes
the conditional intensities of several temporal point process
models based on the Poisson Process. A temporal point
process is a stochastic model used to capture the arrival
pattern of a series of events. The "conditional intensity"
characterizes temporal point processes, which are tested in a
variety of areas. [60], [38] for efficient prediction of
Gaussian-process-modulated  renewal  processes  with
framework application to medical event data. [65] describes
the conditional intensities of several temporal point process
models based on the Poisson Process. An unsuccessful
indication of a pass event will be the ball being sent out of
bounds. Such passes have to be recognised as shots on goal.
Variables in the tracking data indicate when an action, such
as a dribble or shot, occurs. A failed dribble indicates the
player has lost control of the ball, and the other team
rewards possession. The conditional intensity of a temporal
point process (TPP) can be learned based on a network, and
TPP is a stochastic model that helps capture the arrival
pattern of a series of events, and the likelihood is maximised
during training. These include conducting temporal
classification (CTC) architectures. [11] provides an example
of a formalised CTC model conducting classification by
generalising our coming from actual time stamps, but
training prediction methods progress from temporal values.
They are interested in using supervised learning scenarios in
training a predictor. fg : X — Y, parameterized by 0 €

R,,such that the expected error. % N L(fFe(x), i) (9

is minimized, where it is assumed that the training samples
follow P(x, y). Here, L can be any loss function, e.g. the

classical €,-loss. £,(u,v) = §||u —v||3 (10) according to
[41]. This can be seen in section (IV. B)

defined as  Qthatreperesnted as a sample space of
possession paths, their model Z(w) as a stochastic process,
and likewise, denote by Z,(w) for all t > 0 as a random
variable in Z. Z(w) gives best filtration of the locations and
trajectories of all players F? = g(Z;!: 0< s<t ), which
represents all information can be the optical tracking data
for the first t seconds of a model E[Y;|F(X, )], the expected
yards gained by the ball-carrier from their current position
on the field conditional on the team possession for expected
possession value (EPV) is the expected value of the number
of points scored for the possession (X) and can be provided
for all available data up to time t . The current possession
expectation for players E[X|FZ ] can take an integral over
the distribution of paths(z). They used T(w) denfine as the
time at which a possession path w , all the possession's point
process is a deterministic function of the full resolution data
at this time, X(w) = h(Zr (w)). Let P(D;|F(X;;) be a
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probability mass function for the decision made by the
quarterback on play i, a dropback, conditional on the
locations and trajectories of all players and the ball over the
course of play i up until time t, in [61] . Predicting the
motion of offensive players over a short time window is
driven by the players' dynamics (velocity, acceleration,
etc.). Let the location of offensive player {fe1,..L} at time t
be Z%(t) = (X*(t), Y**(t) ) then model movement in each
of the x and y coordinates using Estimate EPV is the
expected value of the number of points scored for the
possession (X) given all available data up to time t. (F7)
amounts to integrating over the joint distribution of (T;Z;).
Definition

: The expected possession value, or EPV,attime t >

0 during a possession is v, = E[X|F?] =

f: x(w)p(dw|Ff) Where the Markov chain portion
method requires populate the coarsened state space C a
view of the data P(Cs, |FL ) , it is necessary to forecast the
full-resolution data for only a short period of time relative to
D. historical trajectory

As a step towards , We propose a method that captures the
multi-modal behavior of players where they might consider
multiple trajectories . The method is create an LSTM -based
architecture predicting multiple trajectories and their
probabilities, trained by a multimodal loss function that
updates the best trajectories [9]. The locations of the players
and the ball through NBA game with high accuracy and
temporal resolution to reconstruct the trajectories of all
players and the ball through an entire basketball game,
which allows us to extract 2-D locations. #F = [xP , y ] of
player defined as P at time t, with p € {1, ., 10},where x-
coordinate The x-coordinate represents the length of the
field, while the y-coordinate represents the width, with the
general at the upper left corner. We are employing an
ordered sequence of defining as previous L + 1 time steps
that can be used to generate the p-th player's historical
trajectory as hf =[¢F_, , ..., €F ], where time steps are
equally spaced at an interval at At. In the same time , they
can be generated a historical trajectory of the ball as hp =
[, ,...,¢2]. Let's assume that the group of players
represents the team on offence and defense. We are
interested in predicting the future trajectory of an offensive
player, represented as a vector.zy =[5, ..., #5,],
where H is the number of horizon for predict the trajectory
of the time steps . Assume that the player of interest is on
the offensive player for whom we are predicting trajectory
is defined as player index P. The raw tracking data can be
1. METHODOLOGY
A. The Framework Dynamic Markov Decision Process
Our framework for incorporating transition tensors , how
to format an average chain from more than one independent
Markov chain variable with overlapping state spaces ,in
[32], probability policies are used to compute the
nonstationary of these probabilities in time, and Markov
decision processes (MDP) are used in more than one case in
modern reinforcement learning problems to determine the
interactions between an agent and the environment. In this
research, we restrict our attention to finite MDPs, according
to [32], which can be represented based on a tuple: <S;A;
P(.);R(.)>, where S represents a discrete and finite set of
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definition , as 6t < T, which our EPV estimate only depends
on the coarsened state and enhancement have similarities to
the coarsened possession process. To make the Markovian
assumption plausible, the coarsened state space C with
summaries of the full resolution data so that transitions
between these states represent events in a basketball
possession. with summaries of the full resolution shown in
Figure 1 for an illustration.

=
e
2

Con Niade 2yt | [Made Spi|  [End of poscssion |
Figure 1: Schematic of the coarsened possession process C,
have states rectangles state transitions arrows as s. The
unshaded states in rowl compose Cposs. distinct ball
handlers are grouped when Player 1 through 5, Ctrans, the
rectangles in the row(3), C end [4].

processed to build a labelled data set. D = {(uf , ¥ ), t=1,
..., T, P=1 ..., 5} indicates that one data point is
required for each time step and offensive player . t is the
total number of time steps, input vector u? = { hY , R, Al
, S¢} is a set of historical player and ball trajectories, where
h? indicates history of the player of interest, hyPindicates
histories of all other players, h? and s, is the shot clock
denoted by the time in seconds remaining until the shot
clock expires, in [70] concepts of the current location at
time t changed trajectory to a velocity vector P by using a

direct mapping of velocities to locations, v} =
7SO v/ (11) where
he [1, ... ..., H] used for horizon, v}, =

P _.p
= [xt+h Xith+1

Yeen=Yeena
T, Yees| (12) [9]

[v}c),t+H' U;t+H]

They can be displacement error (FDE) and average
displacement error (ADE).
1 .
FDE:S—T {zlzgzln O —h (13)
) .
ADE = —— N1 35 Zi_y |1 €7 = £2)|.......(14)

As well, FDE considers the location error at the end of the
prediction horizon H, but ADE averages location errors
during the entire trajectory. MSE errors, defined as in
equation (47) (see in section (IV-B ) by using a Ground
Truth trajectory prediction player (GTPP) that differs from
the (FDE) and (ADE) that measure trajectory prediction
errors, has been published by [41]

states, A represents a finite set of actions the agent can take,
P(.) denotes the transition probabilities between states, and
R(.) denotes reward the agent receives for any given
state/action . The agent operates in the environment
according to a policy,t (), which denotes as the
probabilities that govern the agent's choice of action based
on the current state of the environment. w (.) is only
represented as the system control of the agent. defines these
functions as following:

p(S, a,S’):P[Sn+1 = S,'Sn+1 = S’An=a]

R(s, 8)= E[Rn+1, Sn+1 = S, An=al (15)
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(s.a) =P[A,—qlsSn = s

(Sp; Ap; and R,,,) defined as represent random variables ,
and n,n+1 italicized lowercase letters represent realized
values of the corresponding random variables. Specifically ,
s, , represents the agent's state in step n of an episode from
the MDP, A,, represents the A,,_, action and R, is the sub
sequent reward can be provided that is both of state\action
. their concept for basketball ,they defined an episode as
the sequence of events comprising a single play from begin
to end. refer to [31] for large expansive provide to
reinforcement learning and Markov decision processes.
Shot policy model m(.) that is a given an arbitrary play
from team and defined as nppr = 8, Our model of the
probability that a given action an arbitrary of the play is a
shot as a function of the ball carriers can be a shot given the
current state of the MDP, our court region, defensive
pressure, and the shot clock time interval:

n(s,a) =' shoot’ s,ﬂ"'y'Z),tn,e) = exp (Ht(:y’z)) 16)
where 4,, is a Bernoulli random variable for whether the n"
action of a play is a shot, s®¥? denoted in [4], at any
given moment, the state of a team's MDP is used the
identity of the ball carrier, their court region, and an
indicator of their defensive pressure and contested, ¢,
represents the interval of the shot clock at the n** moment

of the play, Ht(r’f'y ) defines as player X's extract to shoot the
ball y's region y when in court under defensive pressure z,

and exp (.) is the inverse log it function: =29 defines as
1+exp(.)

that 6 is performance for multi-level hierarchical priors
that a large parameter matrix of dimension | S;.qm|-bY-nirpr.
For a 15-player roster using 3-second shot clock intervals
for the TPT

a— — — —pOy.)~Ng(BEDYD 50
b—— — —glayd~Ns(r>?)xp (17
C———=== YO ~Ng(0,% B)

Predicting trajectory is difficult because an agent's target
position is unknown, whereas G(X) returns the position type
g of a player point(x), guard, and center. The first layer of
the hierarchical prior (LHP) has a structure that virtually
shrinks player x’s the 8-dimensional state exactly for shot
propensity parameted*¥:?) is given a multivariate normal
prior with mean vector B(C™¥:2 | defines as the average
shot propensity parameter vector for all players and
estimated propensity who have the same position under all
players {xi; x5, ... ... ,xng} for 1, N for position g whom
G(x;) =G(x)). This effectively shrinkage player x's shooting
analyzed shooting propensity toward players who can be
share his position and the shrinkage is cleared when a
player has less observed data, in [32]. The second ( LHP)
has virtually structure to (b-8) but here the position-exactly
parameter vector (g; y; z) is given multivariate normal prior
with mean vector y&®, which defines The average
proclivity to shoot in the court region y when under
defensive pressure z, regardless of who is playing in
position for the last layer of the (LHP), is almost identical to
(c-8) The average proclivity to shoot in the court region y
when under defensive pressure z, regardless of who is
playing in position for the last layer of the (LHP), is almost
identical to (c-8) where the 8-dimensional-vector as the
prior mean, yielding a 0.5 prior probability of shooting in

Volume-10 | Issue-1 | April, 2024

Journal of Advance Research in Applied Science

ISSN: 2208-2352

any region/defense given combination. While this is an
unrealistic shot probability for all case states, their model is
sensitive to all the values of this prior mean, given the
amount of data. We have for each region/defense
combination throughout the season, along with weakly
informative priors on each level of the hierarchy. (a-8)-(c-8)
is an AR(1) covariance matrix with variance and correlation
parameters corresponding to the hierarchy's respective
levels. (i.e. pg; pg; py, and ag ; ag; 0y,). [62].

-Transition Probability Model (TPM) Conditional on a,

= "Not shoot', we model the probability that the play
transitions to state s®*'¥"2") as a function of the ball carrier's
latent propensity to transition to state s given current
.0
state s )
"= — ' y'z" (x,y.2) —
P(s,a, s")=P(sp4+1)= (s A, Sy Lt A) =
W @y) &'y 2"
tn

exp( 1 8
(L) 20 .

Yi,jk €XP
where s,,, defines as random variable is a category and

AES‘”’ DYEYZD ofines  as player

.y r.,rr . . .
transition to s* ¥ # when in court region y cross defensive

pressure z. The symbols a,, s | and t, are all as
defined as equation(14). The support of Sn+1 is used to the
state space S;eqm » With one additional state Steam| + 1 the
terminal state representing a turn over. A is a massive 3-
dimensional parameter array with dimensions |[S;eqam| X
(ISteam| + 1) X nppr. As with the models for (.) and R(.),
they are represented as multi-level hierarchical priors for A
refer to [4].

(1&r2(x ', 2')~NgGEEIDEEDY )55

X's propensity to

Z(Q:}’:Z),(g:y,, Z')~Ns(w(y'z)'('y" ZI))»Z( (19)

| W02 2) Uy 0,3 w)

In (19), ¢@»(a" z') denotes as the  8-dimensional
average propensity of all players (i.e. all players
{x1; %3, oer e , Xng} for whom H(x) = H(x;)) with G(x) =G
in court region y cross defensive pressure z to transition to
all state with G(x0) = G', in court region y' cross defensive
pressure z' over the 8 discrete intervals of the shot clock
time. the position-specific parameter vector

7@y 9y". 2') that given a multivariate normal prior

with mean vector o(@2" Z')), which can be used
similarly term at the global region/defense level. As in the
model for m(.), they use the 8-dimensional 0-vector as the

prior mean for W@ ) and all 3 is an AR(1)
covariance matrix with variance parameters and correlation
parameters corresponding to their respective levels of the
hierarchy (i.e. i.e. py_; pz; pw, and gy ; a;; 0,,). In broader
passing policy updates(PPU) that include shooting as well
as passing and dribbling. This includes altering the
probabilities of non-terminating state transitions via the TPT
[72].This allows us to define the Reward function (R) of
the MDP completely in terms of a shot efficiency model
prior to formally defining R (.), we propose a model for the
probability that a shot is made. A model can be make-
probability as a function of the shooter's skill and a region-
specific  additive effect if the shot was
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open:Make(s)=P(M,,_, |s,5"’y’z)y, f) = expit(u? +

I(z, =" open')x&Y (20) ,Where M,, is a Bernoulli
random variable for whether the attempted shot at the
moment n was made, u®? denotes player x's contested
shooting skill in court region y, I(.) is an indicator function
of the defensive pressure z, in moment n, and &”is the
effect in the court region y if the shot is uncontested. Note
that in this model, defensive pressure is a region-specific
additive effect. Rather than being built into the player-
specific parameters. Detecting player-specific differences in
how defensive pressure affects their shot-make probability
is impracticable. It would take massive amounts of shot data
to detect these differences with statistical confidence. The
u®¥) is given a normal prior with mean vector (H(x);y),
which denotes the average shooting skill of all players who
are share the same group as player x such as . all players
{x1; x5 ..., xyg} for whom H(x{) = H(x) in location y.
Certainly that while P(.) and m(.) denote by set of the player
g using player positions such as center, forward, backward,
point guard, this model employs new set of the player
known as h, which is represented using regularization. The
updated position of a player's shooting skills case because
they don't have as clear a correspondence to their position.
In the second layer of the hierarchical prior, is given a
normal prior with mean vector called ¢, which defines
the global average shooting skill from court region y. the
final stage of the hierarchy is given a mean-0 normal prior
with variance o'. This is represented as all the parameters
in the model are provided as univariate priors, which differ
from multivariate priors, since they model a player's
shooting skill as being constant across the shot. They use
half-Cauchy priors for the scale parameters in R(.): g,,; 0,
ay;'og;half-Cauchy(0; 2:5): clock, by[62].MDP applications
the transition (.) dynamics, P(.),can be corrected as being
static, whereas R(.) is the reward function with time-
independent assumed to vary temporally, and the shot clock
is updated with each new episode of the process rather than
continuing globally across temporal episodes. These are
conventionally modelled statically to incorporate within-
episode non-stationarity via a transition tensor matrix

B. Ball trajectory

A ball is thrown at a certain angle to the ground, its
trajectory is parabolic, if it is thrown vertically up and
down. The parabolic shape is a sequence based on Newton's
laws. We proposed that the ball is launched at height h
above the ground at angle 6 and velocity v, the horizontal
velocity component vcos@ does not change as there is no
horizontal force, so we can be written for the x coordinate
of the ball at time t define as Newton's first Law.

It is assumed that x = 0 during the ball is released att=0.
Vertical movement happens under gravity with the
gravitational acceleration g pulling the ball to the ground, so
as a constant sequence of Newton's Second Law the y
coordinate at time t can be written as following

:x=vcosd® and y = vtsinh — %gi;2 (24), where vsing
is the vertical component of the initial velocity and it is
assumed that y(0) = h. y = —x* —2—+ xtanf +h (25)

where Equation 24 that can derive a velocity-angle
relationship given the target point (x; y). the height of the
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reward function RF () is simply the scaled make-
probabilities for each state, if a shot is taken (scaled by 2 or
3, depending on the court-region), and 0 in the case that a
shot isn't given , if a turnover occurs: R(s
3xMake(s),y € {3 — pointer}, a,, = 'shoot’
,a)=12xMake(s),y € {2 — pointer}, a, = 'shoot’ (21)
0 otherwise
As with P(.) and 7(.),use a multi-stage hierarchical prior for
the player-specific parameters u
M(x.y)~1vs(w(”(")"’).a§)

p@~Ns(0V5}) (22)
P ~Ng(0, o,

(TPM) as an approach as tensors with matrix slices to
dynamic transition probabilities function a continuous with
temporal covariate, and shot policies, which is the shot
clock time, in approach, which represents a transition
probability effect via a simple indexing function T() defined
as T(c )_{1 v oee e Cy € [0,1] 23)
D718 e €y € [21,24]

Term c, represents the shot clock time at the n,, moment
of a play. Can be able to going forward is that represented
as realized values of T(c,) as time t, by [32] [69] is shown
in Figure 2.

- | Shot elock € (03] (4) {E)

..--".|5h(\ sl (o) - o | R

. | Shot elock £ (69]  (4) (£ ik

‘ Shot elock £ (9.12]  (4) - (£] it

< l Shot clock € (1215 (4) A e !
i 5 L% e

]

3

IS\.quIc:rL-lH.é\ (4)

‘sm clock € (1821]  (4) A

i DE
Shot clock € (2124)  [4) {E) Pl o ! r;
. .

1.5mith (B)  plt .l et Pl

L. James () gt

i
Ts

Fig 2: illustration's ( row, column ) state space of the TPT has condensed to
5-player states (200). Each slice represents an approach of the state-to-state
transition probabilities during a second interval of the shot clock.

i = = f_g\z
target is usually y= H, v = popr S bovpmr e (26) ,where

Equation (26) clearly states that in order to bring the score,
there must be a. Let r and R define the ball and. Otherwise,
the back of the rim will be hit, and the ball may bounce
away from the target. We assumed that the ball descends at
an angle and neglected any modification in this angle while
the ball is above the basket. sina = ZRT—_r (27) .To relate

the angle of descent « to the minimum angle of throwing
6min ,as defined as:

tana = v\ v, tanemin:$ (1 - g) + ZHd_h (28)
A player of height h and releasing the ball at ( h) is that
standing a distance d from the basket at which minimum
angle to throw .Since the raw ball trajectory data was
computed trajectory from the start velocity by a significant

amount, it was assumed that there were significant
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influences due to drag and lift forces on the ball , according
C. trajectory prediction the players’ position sequences

Referring to [48], multiple visual features for tracking
moving objects. Our proposed method consists of
observation pattern-matching units and trajectory prediction
the players’ position sequences have been estimated from
the corresponding video data set. We consider symmetries
in the basketball games that exchange position. For each
player's position sequence is determined by using a particle
swarm undefined algorithm (PSO), in [50], has been used
for its advantages in solving object tracking problems . In
[51], a model-based, top-down solution to the problem of
tracking the 3D position, orientation, and full articulation of
the human body from markerless visual observations
obtained by two synchronized RGBD cameras is presented
by [49]. Inspired by recent advances to the problem of
model-based hand tracking by algorithm PSO is a stochastic
undefined technique that operates on a vector of real-value
data. In that algorithm, PSO is used to search for the best a
hypothetical solution to the problem, which is a candidate
during a update process, it explores the search space impact
by reversing a limited amount of information. resulting in
the updated estimate of the object state can be determined
D. Fine-grained player locations.

The local decision model is a general approach that can be
defined as variable y which have been using a multi-class
Conditional random fields (CRF) also a limitation of
maximum entropy Markov models (MEMMSs) and other
discriminative Markov models based on directed graphical
models ,in [65]. Let Y (x) = {s, p1, p2, p3, p4,L } define as
the space may be intuitive can be given Xx, which
corresponds to choice a shot, passing to one for each
teammates, respectively. We can create model of the
Intuitively, each F(y|x) can be translated as the log-odds of
an event that is occurring in the game state defined as x. The
distance between the ball handler and the basket Players are
only predicting shooting closer to the basket more similarly.
Players are more likely to pass the ball to teammates that are
close to them. Therefore, one can create, for instance basic

F,(x) = wi¢s(b, ¢p)
version of F(x,y)=4 F,(i,x) = w, ¢, (:,£i, b, £p) (32)
F (ylx) =w, ify =1

i) Model player shooting :We can use the simplest case of
modelling, where we represent each player by using a Ks-
dimensional latent factor. Certain players tend to shoot the
ball. Similar to [5], discretize the court into cells fine
enough to capture all significant spatial variations. We use
notation and use it to refer to the factor of the cell that
position belongs to score the tendency of player b to shoot
at a location as L. Our use of latent factors follows from the
assumption that the variability in how players shoot that can
be well captured by a low-rank projection, which is similar
to [8]. Since shot attempts for individual players are sparse.
From the data, learn B and L consider two visions of the
data. They can score the tendency of player b to shoot at
location * As By L,, Combining with the simple model in
(32), our scoring function for shooting can be written
as:Ff = whps(b,€,) + BiL,, (33)
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to [39].
through  PSO algorithm by [52]. The current position x;,
velocity v;  foreach iy , and its  best

position p?¢st beside, the apples have entered to the best
global position g?¢st, which has been done by using the
swarm. The d,, components of the velocity and position
player of each particle are updated by using the following:

vEIt = x[vEy + cira (PPt — xfy)

+ Czrz,d(gbe“ - xilfd)]

xigt =xfy +vigt (30)

where c1, c2 are positive constants equal to 2.05,( r1,d),(
r2,d) are taken from a uniform distribution in [0, 1] and ¢ is
a constriction factor. The selection of the particle position
(pPest) and the best global position gp.s are based on the
fitness function value f (.).where ¢ and ¢, are feature
mappings that characterize the distance between the ball
handler and the basket and teammates, respectively and b is
represented between 3-5 feet from the basket, and wg , Wp
and w! are parameters to be learned.

(29)

conditional probability of the label sequence data define as
event y € Y (x) as being log-linear and it's a response
function . we denote the joint probability density over input
variables and labels by p(x, y) = p(y|[X)p(X), where p(y|x)
denotes the conditional probability for the label y given the

input x. - F(ylx): P(y[x) =—— exp{F(y})} (30),

z(x|F)
where Z(x|F) denotes the standard partition function:
Z(XF) = Lyev exp{F(7[x)} (B1).
ii) Modeling Passing: in our modeling ,where players are
likely to receive passes, we consider two views of the
data.First, how we model shooting?, we represent each
player pi using a Kp-dimensional latent factor Pi, and each
location using a Kp-dimensional factor M. The score for
player p; pi receiving a pass at location would then be PT
M{z\.
F{(L,x) = wbpp(Py, €, b, €p) + PIMy +Q7,, Q (34)
can be learning by P,M,Q1, Q2 from data
-MDEL position
In our motivating application, we consider the problem of
predicting future game events (y) given the current game
state (x). Our approach to using basketball as a assumes the
following information is provided in every game: X:i)the
identity b and location “b of the ball handler ii) the identities
and locations {(pm, m)} =1 m=1 of the ball handler’s s
teammates.iii) The locations {~pm,~‘€m)}fn:1m=1 of the five
opponents iv) The amount of time b the ball handler has
possessed the ball.We are interested in predicting near-term
events from the ball handler as follows: a) Passing to
teammate pi within the next t seconds and ii) Shooting the
ball within the next t seconds b) Maintaining possession of
the ball as multiple events occur within the next t seconds
(e.g., the ball handler passes to any player, a teammate
shoots immediately),given a training set S = {(y;, x;)}i=1,
the goal is to learn a model that can accurately predict the
correct y given x. our approach is to model the response
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variable y using a multi-class conditional random field [65].
Let R(x, #,, ;) denote a function that computes the
relative positions of the defenders with respect to locations
¢, and #,.Specifically, R(x, 4;, £,) performs the following
operations: c) rotates the coordinate around its position ¢,
until the direction #,— #,is the upward direction for the
system .

d) its re-centers the coordinate around applies this
transformation to the locations of each defender, and
outputs our updated locations for the system. Consider
Figure5, where the ball handler Parker is being defended by
Williams.

=

Fig. 5. coordinate systems of defenders are transformed to relative
to the ball handler

-Modeling Shooting: We consider modelling the positions
of defenders relative to the ball handler, which can suppress
the probability of taking a shot. Let "D ,~ denote a Ka-
dimensional latent factor corresponding to the relative

location the ball handler, and let ~L~€ denote a factor
b

representing the position of the ball handler. The scoring
function for how defenders impact shooting follows
as: FA(x) = ZfeRb(x)[Vﬂ D; Ly, | + wladsa (35)
computes a set of distance features, such as the distance of
the closest defender to the ball handler. Intuitively, the way
which opponents should vary depending on location defend
a player . such as , opponents tend to defend much more
closely when the ball-handler is closer to the basket. Our
final scoring function for shooting events can now be
follows as

F, (X)= Ff(x) — F&(x) (36) Ff(x) defined in (33).
We consider modelling the positions of defenders relative to
the ball handler, which can reduce the probability of a shot
being taken. We merge spatial priors and non-negative
matrix factorization in order to create a summary of
basketball modelling shooting probability.. Let "D; denote
K,- dimensional latent factor that is corresponding to the
relative location # . The ball handler, and let "Ly, defined as
a factor representing the position of the ball handler. We've
written into the scoring function for how defenders affect
shooting: Fi(x) = ZfeRb(x)[Vﬂ D3 Ly, |+ @ladsa
IV. Adaptive to optimal policy

A. Trajectory Prediction Based on Ground Truth Estimation
We propose a method that captures the multi-modal
behavior of players, where they might consider multiple
trajectories and select the most advantageous one. Each cell
contains all points that are closest to its generator the
Voronoi of the label space Y = U, ¥; which is induced by
M generators f; (x;), predictions j € {1, . . , M} for each
training sample (x;, y;) by a forward pass though the
network. Compute gradients for each Voronoi cell fj(x;),

Vi), sarr Zyier, LU () vi) (43)  where |Y; | denotes .
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(37) where R,(X) = R(X,#p , £y), V17 is called a global
parameter independent of the location of the ball handler,
and ¢ 4 (x). calculates a group of distant features, e.g. the
distance of the closest defender to the ball handler.
Prediction , in which opponents defending a player will be
vary depending on location.

-Modeling Passing: We next consider modeling the
positions of defenders relative a potential pass recipient
teammate, which can suppress the probability of the ball
handler passing that teammate the ball. We consider two
sets of views or coordinate systems here. The first view
models defenders relative to the direction of the pass, and
the second view models defenders relative to the direction
of the basket (which is similar to the defender model for
shooting Where ~C13, and ~ €23, define as ( the latent
factors) representing the relative position #* of the defender
can be used for the two assumes. Let "M;,, and "M,,,
define as the latent factors representing the location of the
pass recipient team the ball on the court. We have the
scoring function that showns how defenders effect a team
from the players who can be receiving a pass as following
EX) = Yer, i V1 + 7 Cly Mg + Yier, i V27 +
"C25Map + wp gPa(i, x)  (38)

where V13~ and “V2;" are global parameters, and ¢, a
feature function that calculates a set of distance features,
such as, the distance between the teammate and the
defenders with the ratio of the passing distance to the
defender’s distance. We have got results in the scoring
function for passing events:

Fy(x) = Ef (x) — Ef'(x) (39). Defined Ef(x) in (34)
iii)Model Modeling Duration of Possession

How player behaviour variety depending on duration of
possession? Such as, at some locations, a player may often
choose to immediately shoot or pass upon receiving the ball.
A a player may often choose to keep the ball for a few
seconds before shooting or pass upon receiving the ball.
Where T;, T, and T,.is denoted a latent factors
corresponding to the ball handler's having had possession
T time steps prior to the current state. where V, is define a
latent factor representing the location of the current ball
handler. As well as, our the contribution can be appear
duration of possession to shooting, passing that can be
holding on to the ball.

B =T Vew

FI =T, Ve (40)

as: Ff = Ts,rbrvfb

the cardinality of Yi. We can be update step of fgj(xi),
using the gradients per hypothesis j from before this

state. [, XL [, ) L (0, 9) p(x, y)dydx  (44)
, the closeness is defined by the loss L. Thus, (52) divides
the space into M Voronoi cells generated by the predicted

hypotheses fej (x;) and aggregates the loss from each. In a
typical regression case L is chosen as the classical €2-loss it
operates on top of any given standard loss L:

M(fe (xi ¥:) =Zj”i1 8(y; € Yi(Xi))L(fis(xi)in) (45)
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We use the Kronecker delta & that returns 1 when its
condition is true and O otherwise, in order to select the best

hypothesis f; (x;) for a given label y;. to gradient descent
methods used for training with back-propagation. One
simple way to transform an existing network into a MHP
model is to replicate the output layer M times . During
training, each of these M predictions is compared to the
ground truth label based on the original loss metric but
weighted by & as the meta loss suggests (Equation (45)).
Similarly, during backpropagation ,8 provides a weight for
the resulting gradients of the hypotheses. from the target
labels y that all y lie in a single VVoronoi cell k. In that case
only the k-th generator fy (x) gets updated since
3(y;€Y;(x;)) = 0, Vj #k.. We relax the hard assignment
using a weight 0 < a < 1. calculated as follows: §.(a) =
{1 — € if condition a is trure

otherwise (46)

M-1
As well as, &, is a relaxed [46] brining the most weight to
the best matching trajectory, while A label y is now
assigned to the closest hypothesis £ (x;) , weight 1 — ¢

and ﬁ the remaining hypotheses. The termis v =

fej ((x;),y;) givenaground truth trajectory and{, =

fej (x;), yi) given predicted trajectory v, define the
trajectory loss function £ as follow:

£MSE (fg] (xi)' yl) (17 V) o | |17 -V ” (47) ,Where
MSE is defined as a mean square error, which is known as
the predicted velocity vector. We propose a variety loss
function that encourages the network to produce diverse
samples. For each scene ,we generate k possible output
predictions (decode) by randomly sampling z from N°(0, 1)
and choosing the “best” prediction the coordinates ("xf, "yf )
Social” context is generally provided as input to the LSTM
cell , when the pooled context only once. in £, sense as

their prediction as LV .In order to train a

ariety-mm |
2

l—l

B. Training
Training model by using gradient descent. To summarize,
we only present derivations for two of latent factors. The
partial derivatives can be derived similar ,I can begin with
the factor's partial derivativeL,, which models whether the
ball handler is similarly to shoot at location as
foIIowed:(% = 20%,.0(Le + KopllLo—Ly |12) —

dlogP (yilx;i
ZieI[ gal(jll i)
indices where the ball handler that can be denoted as #. For
latent factors that don’t have spatial regularization , there
doesn’t specify  for a similar term for
K, pl|Ly—Ly ||>.where b; define as the ball handler in the i-
th training. The partial derivative of conditional
probabilities is :

(53), where I;" defines as training data

dlogP(yilxp) _ dlogP(yilxi) _ aF(x)
oLy aLe - (1[yi= b — P(bil )) ) (54) ,
where 222 ap,, first condltlon is an indicator
12

function that givens value 1 if condition is true, and 0
otherwise. We used the last observe spaces as well as
reward functions that All partial derivatives for parameters
can be calculated in a shooting event, which can be derived
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model to predict multiple trajectories and their probabilities
approach on an adaptation of the multi-modal loss function
presented, in [40]. A similar loss function for Multimodal
trajectory predictions is used by [58] to generate multi-
modal pedestrian trajectories. The Multiple-Trajectory
Prediction (MTP) as losing for time step t and player P, it
comprises a linear [59].

LMTP (), y1) = Thier 8c (m = m*) log Py + aLME(F,vf)  (48)
Where is B, an produce of a soft max, a is excessive -
parameter used to drop one in order to possessing one of
the classifies and trajectory losses, and m* is the index of

the winning mode that can be produced the trajectory
closest to the ground truth, calculated according to a

distance function :distance 0
. _ argmindist [vf,x?, | (49)
7 m e [1: IRy M]

where, m* simply defined as a path that is closer to the
truth and has the lowest trajectory loss, multiple closeness
mode measures to consider [40].

distysg (v, V )=LMSE (v, 1,,,) (50)

where other distance functions, as choice has a large effect
on the model performance. Anyway, they considered the
distance function with the smallest cross-all displacement
error, defined as a location error at the last time step and

calculated as: dist, (v, V') = || Ve »Venm |15 (51),

The error of final player velocity, which can be translated as
the player’s, as shown in [58], as
followed: dist,(v, V)= Vesn »Venm |12 (52).

similarly. We can derive from the partial derivatives of M,,
which models whether a teammate at location £ is similarly
to receive a pass:

6logP(y |x;)
oo = 2R (e Kyl Mty 1) - R

(55
lEI[
Where I defines as the training data indices and a
teammate can be defined as #.Where p; defines the
teammate in the i, training that can be defined as £ . We
can write the partial derivations can be written each training
as:
dlogP (y;lx;) 0F, (p;, x)
—am, = (lepa = pil0) =5

Observed spaces as well as reward functions that:

P,;. All partial derivatives for parameters that can be
determined in a passing event can be derived similarly. The
adaptive stochastic gradient descent method is enhanced by
[59] .Learning criteria are described as being optimized
during model fitting, which is defined as all of the
parameters of their model depending on the number of

factors. We formulate a discriminative learning objective to

,(56)

9Fp (i) _
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minimise a trade-off between the negative conditional log
likelihood of the training data and a regularization term
controlling the complexity of their model:
argminL(0) = —logP (y;|x;)AR(©) (57)
®ecC
where C denotes the feasible space of model parameters,
denotes R(®) the regularization function, and A is a hyper
parameter that trades off between the two. As define R(0)
using two components that decompose additively. The first
component is the standard squared 2-norm that uses small
parameter weights . The second component is a spatial
regularization term that encourages the parameters of
nearby cells to be similar to each other. Our learning
objective which is non-convex is particularly susceptible to
local optima, and running gradient descent algorithms from
random initializations leads to bad solutions. As such,
finding a good undefined is key to find a good initialization,
we first train our latent factor models as a full rank matrix of
parameters. For example, instead of modelling the player by
location shooting factors B and L as separate factors, we
instead directly estimate the full player-by-location matrix
of parameters B=B1L?.Let b; denote the ball handler in the
i-th training instance, and let I? denote the training indices
where ball handler was in location ¢.the partial derivative as
defines:
o 2A eei Boe + (Kol Boe=Boy 117) = Sierp
and

dlogP(ylxo)_
Zielﬁ,’ aBT,; : _(1[yi=bi] -

AF,(pix)
p(bilx)) Ll

dBpe

dlogP(yilxi)
dBpe

(58)

(59) where sl _

dBpe

We used partial derivatives for merging factors, which can
be derived similarly. it was initially decoupled. Since each
row of B with other rows of B, the interactions should be
between players. The resulting unspecified problem is
convex and can be solved optimally, at the expense of the
learned model being statistically with confidence due to
each player/location pair having some data points.
Performed for non-negative matrix factorization to recover
the best initialization of B and L, before learning "B. the
approach as follow in [5], Their objective is to find a B and
L in order to minimize the matrix divergence, which
discourages large ratios between B and the recovered
factors L, modification approach from [37].

Appendix

Algorithm 1 for_detecting possession updates

Require: ball location R(x, ¢;, £,) enters neighborhood of
a non-ball-possessing player p,

1:Possession  Changed from shooting clock to pass or
update using question (16-22)

2: concurrent  #2° = [x2 , y? 1, where £ location,
b ball ,t time

3: historical trajectory of the ball as kP historical trajectory
of path offensive player ,as a vector tlusing
equation(11,12)

4: vector updated shot clock to pass by Transition Tensor
MDP: using equation (23)

5:if vector updated (v;)> k; () is a kernel function with
bandwidth P, (s), and is an edge correction that scales the
intensity function to the appropriate count then using
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C. Factored Markov Decision Processes with Unawareness

We propose a system where an agent makes explicit
attempts to include its unawareness time and deal with
sequential decision. A method to learn factored Markov
decision problems from both domain exploration and expert
assistance ,which guarantees convergence to near-optimal
behavior, even when the agent begins unaware time of
location factors critical to success. The problem can be
created because of the uncertainty in observation space is
very large. Using a dynamic Bayesian network (DBN) to
generate spatial and temporal abstractions capable of high-
level decision making , where the transition and reward
functions (RF) of an FMDP are defined [53] . The optimal
policy is a tractable method to learn an FMDP through
cross-dynamic programming , specified to join to learn a
structured model of the transition and reward prediction
functions for the event of a pass or shot, in [54] and the
active learning problem of inferring the transition , used by
[55]. It is only defined as MDP with unawareness defines
as (MDPUs) . Their experiments show our agent learns
optimal behavior on small and large problems that is
beginning while unaware of more than one action ,propose a
system where an agent makes explicit attempts to include its

unawareness with  sequential decision problems,
in[56],[57].

Vi(8) = R(S) +¥ Lseso(P(s0]s; m (s))Vm (s’)  (60)

Qr(s, @) = R(s) ¥ Xseso(P(sO[s,a)Vm (s") (61)

If T and R are known, we can compute m + via value
iteration , we can measure the expected loss in discounted
return of following policy m versus m + using (69), which
we refer to as the policy error. If the agent’s policy is
unknown, we can approximate the policy error using (70),
where P(s0) is the probability of starting an episode in

SO:ErT (1) = Yses, P(50) (Vs (50) — Vit (s0)) (62)
t=t+k i

Er(t; t+ K) =Tseso P(50) (Vi (50) — 25—, (63)

G' is discounted return for episode n

equation (8)

6: The updated estimation the position of a player's shooting
skills case using equation (29)

return true

7: Previous Dir calculate ball direction ( v;_1, V¢41)

8: next Dir calculate ball direction (v;, v¢44)

9: next Dir + previous Dir > Min True Change Angle Ball
using equation (34-28)

10: Trajectory Prediction Based on Ground Truth
Estimation using equation (43-47)

return true by used conditional probability density using
equation(30-40)

11: if ball is still possessed using equation (5,6)

12:return true density estimation used non-negative latent
factor models analysis of shot charts using equation (7,8)
13: return false doesn’t change in ball possession using
equation (9,10)

Algorithm 2. Detecting passes and shots Player .
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1:function Detection Pass or Shot ()
2: if Ball,, > 34.0 then . ball crossed the touchline for

(Modeling Passing)

3:n «0;

4;while s, #Turnover do t, T(c,);

5;an Bernoulli variate from (.|, sn, t, ) ;if an = Shot
or no shot then

6 M+l —R(s, anlu'd’)

7 break loop using equation (33)

8: return VERIFY FAILED PASS() rm+l « 0

then true using equation

(3,4) the discretized intensity function

If  ground- fail trajectory predicted between two position
time using equation (48)

9: if Ball . > 52.5 then ball reached the goal line where j
represented base on time

10:if DISTANCE(Bally, 0) < Goal post Distance + Goal
Length/2 then using equation (36,39)

11:else data P(Cg, |FL ), the multi-resolution data for only
a short period of time relative to definition , as 8t < T, which
our EPV estimate only depends on the coarsened state .

12: return VERIFY FAILED the passing distance to the
defender’s distance using equation (51)

13: return shot on goal

14: if ball is within vicinity of another player p0 then

15:if Possession changed( ) is false then using equation (48)
16: return no event detected so we used predicting multiple
trajectories and their probabilities, using equation (49)

17: if ball is within vicinity of another player p0 then

18: return successful pass using equation (40)

19: else un successful pass using equation (13,14)

20: return VERIFYSHOT( ) using equation (39,40)
21:functionVERIFY FAILEDPASS() using equation (65)
22:pass distance is longer than Min Failed Pass Length
equation(32)

18: return unsuccessful pass . using equation (50)
scoring function for passing

19: else using equation (56)

20: return no event detected using equation (49)

21: function VERIFYSHOT( ) using equation (58,59)

22: \*pball  trajectory line crosses the goal

line using equation (27,28)

23: Goal post Distance from the goal post then

24: return shot on goal using equation(39,40)

25: else using equation (47)

26: return VERIFYFAILEDPASS( ) using equation (59)
Algorithm 3 L earning FMDPs with Unawareness

function LEARNFMDPU(AQ, X0, T0, Q0, VO, s0)

2:fort=1, max Trials do

3: (sy; 1) < e-GREEDY (s¢, Q;, adv0:t-1) using question

(69) and (70)

4:T;; R, Add s;; 1 using below question

a a o a
p(pa ’ ) = H a B(N1|j+0£1|j ......... Nm|j+am|j
ax JEWy 1) B(aflj ............. “Sﬂj)

(%, )= plPex It — ) Pen (2
P(DTE|p%, + Do.e) % p(DTH)p (Do | DTE) (3)
p(Do.¢|DT)

_ H ﬁ(Nlal{;+af|€,........N#l|{;+afn|[ (4)

o s did
feLeaves DTZ A e ’ m|{’)

)
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branch label (¢) of ball and players

N taf

E(e;c1=i € time,p:lzx’zj |D0:t’ DTxa) = [;:§+a.z];:] (5)
& DT restricting node tests to members of PaaXo0 is a
directed acyclic graph with
nodes {x; x, . . ,Xp,X1,..-X3 Xn}
5: if Update to R, fails then
6: Z Ask expert ?A(xex* A s._,[X] # s, (6) multiple
variables in multiple variables in X+ ,X
whose assignments differ in s,_; and s;
7: scopet (R); X*) Append Z to each
8: R, « Update via must be rechecked to see if a
replacement test would yield a tree
with better information gain
9:if t-t' > u
Err(n’,n) > pVm >k
3a’ € A+! Q7'L'+(Sm,n,a’) > QTL’(Sm.n,am,n) (7)
are true then Equation (7) ensures some minimum time u
has passed
since the expert last gave advice. Equation (7) ensures
the expert won’t interrupt unless its estimate of the
agent’s policy error in (44) and (45) is above some
threshold g,
10: advt < Expert advice of form Q. (@S, a’) >
Qn+(wsm,n,am,n) (8)
11: if advt mentions action a’ = A~ then
12: A « A*"1 U [a']
13: Tt « Tt-1 U DBN, made via p(p';x, )= p|”[zlzx’ |(1 —
p)lxl_lp‘zlzx’ | )
14: if adv0:t-1 conflicts with advt then
15: Z Ask expert (6)
16: Xt < XxTu {Z} (9)
17:if Xt = Xt~ then
18: T't Update via (3,5,7,910,11)
K

[v(zuY)| ifX=2

aaz.lY =j =
= P(i,jlY\Z]dbny) else

K« (10)
[v(zuY)|
p'(DTy|p5 4 )
HFELeaves (DT)?,) ﬁ(a;;zllf, P a;znlf) (11)
Equation (10) summarizes Dy, via inferences on the old best
Dynamic Bayesian Network (DBNSs), then encodes these
inferences in the new parameters to generate spatial and
temporal. The revised _-parameters ensure the new tree
structure prior and expected parameters defined via (11)
19: (V; Q; ) < (Re; Ty; Vi—q) Increase Once our agent has
a transition and reward tree, we can
then use Incremental structured value iteration [56].
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V. Conclusion
We designed a rule-based algorithm for adaptive event
detection as a spatiotemporal soccer dataset based on
Algorithm 1. (DBN) to generate spatial and temporal
abstractions capable of high-level decision making based on
Algorithm 3. To learn factored Markov decision problems
(FMDP) from both domain exploration and expert
assistance, which guarantees convergence to near-optimal
behaviour even if the agent has started to learn factors
critical to success. We can investigate the problem of
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segmenting sets of low-level time-stamped events into time-
periods by using a combination of Poisson models and
Bayesian estimation methods and Markov decision
processes (MDPs) with shot clock dependent transition
probability tensors. To borrow strength across players and
through time, Bayesian hierarchical models are employed in
the modelling and parametrization of these tensors. Any
changes to the list of supported events may necessitate a
code update using A minimal change in trajectory direction
is considered a reward function that is time-independent.
The mean squared error (MSE), which is defined as the
predicted velocity vector, then, in order to train a model to
predict multiple trajectories and their probabilities.
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