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‘The best book on football

‘Fascinating and educational. An
enjoyable and informative read’
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PIVOT: A Parsimonious End-to-End
Learning Framework for Valuing Player
Actions in Handball Using Tracking Data

Oliver I\-Iiillel‘l(@), Matthew Caron', Michael Déring!?, Tim Heuwinl{eIIJ
and Jochen Banmeister!

! Paderborn University, Paderborn, Germany
{oliver.mueller,matthew.caron,michael.doering,tim.heuwinkel,
jochen.baumeister j@uni-paderborn.de
2 SG Flensburg-Handewitt, Flensburg, Germany

Abstract. Over the last years, several approaches for the data-driven
estimation of expected possession value (EPV) in basketball and associa-
tion football (soccer) have been proposed. In this paper, we develop and
evaluate PIVOT: the first such framework for team handball. Accounting
for the fast-paced, dynamic nature and relative data scarcity of hand-
ball, we propose a parsimonious end-to-end deep learning architecture
that relies solely on tracking data. This efficient approach is capable of
predicting the probability that a team will score within the near future
given the fine-grained spatio-temporal distribution of all players and the
ball over the last seconds of the game. Our experiments indicate that
PIVOT is able to produce accurate and calibrated probability estimates,
even when trained on a relatively small dataset. We also showcase two
interactive applications of PIVOT for valuing actual and counterfactual
player decisions and actions in real-time.

Keywords: expected possession value + handball + tracking data -
time series classification - deep learning
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... and many
more Columns,
Resources:

Money &
Equipment

currently ca. 42

Position &
Movement

Frame Number

(sampled at 2 Hz)

' frarnel'qlumbin tick n playerl'\lann maoney n equippedWeapon n positionX n positionY n positionZ i
0 39648 hulter 2300 Knife -1890.52783203125  -1926.513916015625 -272 6513977050781 24.067602157592773 207 66348266601562 O

__lu 39648 Niko 2250 USP-5 -1647 7130126953125 -1751.55078125 -267 00BB5009765625 2 8965365886688232 212 31317138671875 0
0 39648 mONESY 2700 Knife -1917 4447138671875 -1988952392578125 -275 78729248046875 217 28811645507812  16.706663131713867 0
0 39648 ks 3050 Smoke Grenade  -1862.55419921875  -1852 1279296875  -260.392333984375  163.14450073242188  -149.42337036132812 0
0 30648 HooXi 1500 Knife 1588 443603515625 -2100.6005859375  -261 7655334472656 19541571044921875  -40.07478332519531 0
0 39648 YEKINDAR 450 Knife 1194 6082763671875 34 34914779663086  -163.96875 _8971636199951172  207.3036B041992188 0
0 39648 EIiGE 50 Knife 1257 71435546875  -129 3793487548828 -167.96875 174 17926025390625  116.17582702636712 O
0 39548 nitrd 100 Knife 1352 462158203125  32.7823486328125  -167.96875 -60.999237060546875  207.0345458984375 0
0 39648 NAF-FLY 350 Smoke Grenade  1349.2615066796875 -347.0602722167969 -167.96875 220.2783660888672  20.5139508B4543555 O
0 39548 oSee 0 Smoke Grenade  12912513477734375 -54.99573516845703 -129.70213317871094 -29361520767211914 -6.156300726867676  167.61837768554688
1 39776 huNter 2300 Knife -1738 5645751953125 -1751976318359375 -2657339782714844 1747530075341797  167.43191528320312 0O
1 39776 mOMNESY 2700 Knife -1733.7813720703125 -1887.3614501953125 -269.3051110830844 187.20823303222656  129.50033569335038 0
1 39776 HooXi 1500 Knife -1401 8992919921875 -2242 906982421875 -231 3541259765625 22561524063378906  -107.69291687011719 0
1 39776 Niko 2250 USP-5 -1701.48291015625  -1522 508388671875 -260.2001037507656 -451455017358309844 235.71566772460038 O
1 39776 ks 2450 Smoke Grenade  -1682.6693115234375 -2015.855204600375 -267.4348449707031 184.0242156082427  -161 74081420898438 0
1 39776 EIiGE 50 Knife 1167.0523681640625 012852554321289  -167.70266723632812 14166044026947021 249 13750887595312 O
1 39776 YEKINDAR 450 Knife 1111 1798828175  260.0081481933504  -110.6728744506836
1 39776 oSee 0 Knife 1744.753173828125  7.93682336807251  -167.96875 128 Events
1 39776 NAF-FLY 350 Smoke Grenade 1422 9967041015625 -367.96270751953125 -167.96875
1 39776 nitrd 100 Knife 1772 0584716796875 265.54974365234375 -199 96875 per Player per Second
2 39904 Niko 2250 Incendiary Grenade -1671 8433837890625 -1290.548583084375 -260.2633361816406 (>50.000 Events per Round)
- manna H - kil |l [P Wy T —— M AR CAONTTaALSTTE M ATTT AR CAOSTTE CmaAaTT sCcoaooTToncCcaq9nac M0C SN T00
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Complete Digraph
1-b: Players
6. Bomb
7-8: Bombsites A & B

Counter-Strike as Graph

From Game to Graph G = (V, E, U)




Complete Digraph
1-b: Players
6. Bomb
7-8: Bombsites A & B

Counter-Strike as Graph

From Game to Graph G = (V, E, U)

8
6,1,2,2,2,2,4,h /
0,0,000000
0,0,000000
E= 0,0,000000
0,0,0,00000
0,0,000000
0,0,000000
\0, 0,0,0,0,0, O,y
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Counter-Strike as Graph

Data in the Graph

G = (V,E,U) mapping.
playerNanhd money R equippedweapon Kd positionx |

huNter 2300 Knife -1890.5278320312
NiKo 2250 USP-5 -1647.7130126951
mONESY 2700 Knife -1917.4442138671

Score: 12:5 —
RoundWin: 72777 -
Time: 1:03 Name: mONESY
Health: 7777
Money: 2700
Weapon: Knife

Distance: 152%

Visible: 2727 1

2

© viadee GNNs in Esports by Dr. Joschka Hiillmann

N

03.12.2025 13




Summary:

Graph Neural Networks Just like CNNs with

Pooling

Message Passing
. collect neighbor embeddings
. aggregate with focal element
. transform

Input Graph GNN blocks Transformed Graph Classification layer Prediction

node, edge, or global

An end-to-end prediction task with a GNN model.

-y
$ © viadee GNNs in Esports by Dr. Joschka Hiillmann 03.12.2025 14

Sanchez-Lengeling et al. (2021)



https://distill.pub/2021/gnn-

Graph Neural Networks

intro/#node-step

Layer N+1
Un .............................................. fU ........... S Unﬂ

B
vn """"""""""" }' : fV """""" > vn-r-?
En """"""""""""""""""""""""" fE """""" ’ En+1
_ o7
update function f: -+ ...5,21?""" R

pooling function p

Schematic for a GCN architecture, which updates node representations of a graph by pooling neighboring nodes at a
distance of one degree.

-_y
$ © viadee GNNs in Esports by Dr. Joschka Hiillmann 03.12.2025 20
Sanchez-Lengeling et al. (2021)


https://distill.pub/2021/gnn-intro/#node-step
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Technology Stack

PyTorch Geometric
Awpy 1.3.1

ESTA dataset
Python 3.12

1

Team Theory Data Preparation Modelling

N
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Deployment
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Possession Value and
Expected Threat (xT)

e Focus on teams and individuals.

Positions and space control are
iImportant.

Estimate tactics and when they
are successful.

Theory instead of data.

-_y
$ © viadee GNNs in Esports by Dr. Joschka Hiillmann
Pollard & Reep (1997), Graham (2024)



| CS:GO Demo Visualizer M=

File Routines Heatmaps

Run Predictor

| 01:27 | 0 - ENCE hades | HP: 100 | Armor : 100 Setup A
Weapons: USP-S
Money: 158 Setup B

Has Defuse: False
Control A Long

0
dycha | HP: 100 | Armor : 100 Control Mid
Weapons: USP-S
Money: 1580 Control B Lower Tunnels

Has Defuse: False
Execute A Long

)0 | Armor : 108 Execute A Short

Execute Mid to B

400 S€
Execute B
| Armor : 160 Rush A Long
600 e DeTase i se Rush A Short
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800 Money: 15@
Has Defuse: False Fake A
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Tactics

Tactic Label Description
t_setup_a Slow map control with lean toward A site
t_setup_b Passive default with eventual B site lean

t_control_a_long
t_control_mid
t_control_b_lower_tunnels
t_execute_a_long
t_execute_a_short
t_execute_mid_to_b
t_execute_b
t_rush_a_long
t_rush_a_short
t_rush_mid_to_b
t_rush_b

t_fake_a

t_fake_b

Gaining map control through A Long area
Controlling the mid-area for flexibility or split
Slow approach through lower tunnels for B control
Structured push through A Long with utility
Execution via short (catwalk) with nades
Mid-to-B split with CT smoke and tunnel join
Full B site execute through tunnels

Fast rush through A Long

Aggressive rush through short (catwalk)
Fast-paced mid-to-B attack

Direct rush into B site via upper tunnels

Fake towards A to draw rotations

Fake towards B to manipulate defenders

© viadee GNNs in Esports by Dr. Joschka Hiillmann

Slide by Kirna, Vlad, & Szabolcs

Example of player positioning during a “A short execute” tactic: 4 players are advancing on

short; 1 is catching up from the middle.

Simple Radar

03.12.2025
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Out of >1000

Annotated Tactics games

Only de_dust?2

Frequency of Tactic Labels

7000 -

6000 -

5000 -

% w000 Number of games labeled 20
g
g Number of frames labeled 28,468
= 3000
Number of uncertain tactic frames 18,705
0 Number of unique tactics annotated | 15
1000 1 Most common tactic t_control_mid
o Table 3. Labeling statistics
2 e? o & &
CS, \-K# (éx‘b‘; ‘;\\’3? ‘S{-
SN o
& &3‘5" <&
Tactic Labels
-_—y
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Data Preprocessing

* Convert demo data to graph data
* Estimate spatio-temporal features per frame errechnen

Number of demo files processed 195

Total rounds extracted 5133

Frames skipped due to issues 0 per game
Average number of frames per round ~ 186
Processing time per frame ~ 1 to 4 seconds
# games that could be proccessed parallely | 64

Number of node features extracted 29 per graph

-—y
$ © viadee GNNs in Esports by Dr. Joschka Hiillmann 03.12.2025 30
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Results

Confusion Matrix

t setup_a
t setup b 600
t_control_a_long
t control_mid 500

t control_b_lower_tunnels
t execute_a_long 400

t execute_a_short

t execute_mid_to_b
300

True label

t execute b

t rush_a_long
t_rush_a_short 200
t rush_mid_to b

t rush_b

100
t fake a
t fake_b
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Results ‘
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Results

Receiver Operating Characteristic (ROC) Curves
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= ®  micro-average ROC curve (area = 0.81)

= ®  macro-average ROC curve (area = nan)
t_setup_a (area = 0.53)

—— t_setup_b (area = 0.97)

- [_control_a_long (area = 0.96)

— t_control_mid (area = 0.98)

— t_control_b_lower_tunnels (area = 1.00)

— t_execute_a_long (area = 0.95)
t_execute_a_short (area = 0.96)

—— t_execute_mid_to_b (area = 0.96)

- t_execute_b (area = 0.96)

= t_rush_a_long (area = 1.00)

= t_rush_a_short (area = 1.00)

= t_rush_mid_to_b (area = nan)
t_rush_b (area = 1.00)

—— t_fake_a (area = 0.98)

- t_fake b (area = nan)

-
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Results

Table 1. Feature combinations

Table 2. GNN architecture combinations

Features Accuracy | Recall Precision | Fl-score
Position 79.16% 0.7068 0.6301 0.6568
Position + | 79.07% 0.7069 0.6130 0.6417
Health +
Armor
Position + | 80.09% 0.7131 0.6517 0.6707
Utility .
All  Fea-| 81.17% 0.7510 0.6643 0.6945
tures

-$ © viadee GNNs in Esports by Dr. Joschka Hiillmann

Slide by Kirna, Vlad, & Szabolcs

Model Training Test F1-score
Accuracy Accuracy

2-layered 78.04% 78.10% 0.6831
GAT

2-layered 82.79% 81.17% 0.6945
GCN

3-layered 77.65% 77.16% 0.6692
GAT

3-layered 81.94% 78.78% 0.6672
GCN

03.12.2025 34
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Reading Materials

* Sanchez-Lengeling, B., Reif, E., Pearce, A,

N

& Wiltschko, A. B. (2021). A gentle
introduction to graph neural networks.
Distill, 6(9), e33.

Pollard, R., & Reep, C. (1997). Measuring
the effectiveness of playing strategies at
soccer. Journal of the Royal Statistical
Society Series D: The Statistician, 46(4),
541-550.

Graham, I. (2024). How to Win the Premier
League: The Sunday Times Bestselling
Inside Story of Football's Data Revolution.
Random House.
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