et T . Al e e .
9 v T ' P <

bl

o L A

Luca Clissa, Antonio Macaluso
luca.clissa2@unibo.it

ATLAS INEN

EXPERIMENT — BOLOGNA


mailto:Luca.clissa2@unibo.it

«Football laboratory»

Why football data?




Why football data?

«Football laboratory»

* Football data provide interesting learning opportunities
 Task: probability of scoring given sequence of actions

* Challenges:

 Hard task
* Extreme class imbalance (low score sport)
« Complex interactions among features

* Noisy labels

* External (non-measurable) factors have an impact
(e.g. pressure, form status, luck, ...)

« Domain shift
* Models break across competitions (season/leagues effect)

- Very rich use case for stress-testing methodology
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Domain shift in data analysis

Domain shift: how to leverage source knowledge on target data?
« X:input features, Y: target variable
* Source domain: training, sufficient available data
» Target domain: test/new data, typically no/few labels

Prior shift, P(Y) Covariate shift, P(X) Concept shift, P(Y[X)
§ Probability of target variable —_3' Distribution of features I ﬂ :ﬁ?:gﬁgzrfht;ﬂ;’e?n features LoD
o 2 \ . . e
f Changes' Ptarget(y) == Psource (Y) \ Changes' Ptarget(X) * Psource (X) Ptarget(ylx) - Psource (Y|X) .
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theory

football

Domain shift: how to leverage source knowledge on target data?
» X:input features, Y: target variable
* Source domain: training, sufficient available data
+ Target domain: test/new data, typically no/few labels

Prior shift, P(Y)

Probability of target variable

chang€S= Ptarget(y) * Psource (Y)

Probability of scoring changes across
league, season, or tournament types

(e.g. world cup VS Serie A)
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Covariate shift, P(X)

I

Playing style changes across leagues,
and tactics evolve across seasons
(e.g. long balls VS tiki-taka)

Distribution of features
changes: Ptarget(X) * Psource (X)

' Short Clustered Style '

Long Passing Style i

Concept shift, P(Y|X)

Relationship between features .
and target changes: A7
Ptarget(YIX) #* Poource(Y1X) X

Probability of scoring with given action
changes based on competition-specific
dynamics (e.g. difensive proficiency)
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Goal

* Leverage StatsBomb open data

X leagues, including world-wide competitions
Several seasons per each league A
Mixture of event and tracking data ~ N

: -f'[éﬂhoot:"t‘]a.,-___ -
SPADL conversion: focus only on actions & .

* Task: P(score | as, ar—1,ar—3) = f(Xe, Xp—1, X—2)
« Explore transfer learning across competitions
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Actions per Game by League

Data visualization —
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* Playing style changes g
* By league o

Number of actions per game

By season

1400
. End zone pct — Champions League | 1970/1971 End zone pct — Champions League | 2018/2019 w End zone pct — La Liga | 2018/2019 175
23% 46% 6.4% 30% 27% 7.3% 73% 36% 50 La Liga Ligue 1 Champions Serie A Premier  1.Bundesliga UEFA Europa
League League League
12.5
z
= = = =
£ £ £ - 100 E % scores by season
= = =
®
=15
22% 6.2% T4% 24% 2.8% 6.8% 7.6% 3.2% 50
0 0
0.0 26.2 52.5 78.8 105 0.0 26.2 52.5 78.8 105, 0.0 26.2 52.5 788 105.0 =25
x (m) x (m) x (m)
o i o a\ & 0"‘- R a"— N
_\@x ’\\\‘\‘ ‘\‘ %‘9\' 1‘\1, 50"0' (p"o' Qe“O_P@O ‘5‘1 19@0- Q\P\ £ _5,\,"- _‘a\,"'ﬂ_&\“ﬂ @,"‘11@,& Q\?\ Q\“\ _&'\Pﬂ o° ,P'L'\n 131"“

season_name

19/03/2026 Transfer Learning in Football Al -- Luca Clissa, ISGC 2026

Inter national Symposium on Grids & Clouds



Experimental design

Split into:

* Source leagues: European competitions

« Target leagues: i) other continents, ii) women’s competition, iii) national teams
+ 2 splits: adaptation set, test set

Pretraining (source)

aptation (targe! player
Model: xgboost Testargen) o
— 0-shots e
. -- few-shots —
- Strong baseline for tabular data target-only =
« Can be fine-tuned B o cccoc QO ccrencer |
) o€ ) n K/ ‘/ ’// >
Settings )

* O-shot: pretrain on source, evaluate on test

striker
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Experimental design

Split into:

* Source leagues: European competitions

« Target leagues: i) other continents, ii) women’s competition, iii) national teams
+ 2 splits: adaptation set, test set

Pretraining (source)
aptation (targe player

Model: xgboost Testarge)

—_ ?-sho't‘s /// ~~~~~~~~~~~~

. -- few-shots oy ==
- Strong baseline for tabular data argt-oly @ m
+ Can be fine-tuned B c.coc / rier N
Settings / ~~~~~~~~~~~~~~~ £
S / m/ ‘ lw drlbble

* O-shot: pretrain on source, evaluate on test v oo THNNETS SN AL

* Few-shots: fine tuned on adaptation set, evaluate on test

striker
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Experimental design

Split into:

* Source leagues: European competitions

« Target leagues: i) other continents, ii) women’s competition, iii) national teams
+ 2 splits: adaptation set, test set

Pretrain'ing (source) s
Model: xgboost resttargen
— ?-sho't‘s //// ~~~~~~~~~~~~~~~
- Strong baseline for tabular data targe-only @ m
« Can be fine-tuned . =Z:m / rier N
Settings m W
* O-shot: pretrain on source, evaluate on test N owtm AR
* Few-shots: fine tuned on adaptation set, evaluate on test
=
. . . bodgpart
* Target-only: train on adaptation set, evaluate on test e
° ° distance<20 shoo
Ablation studies e

« 3 adaptation label budgets: 15%, 30% and 50%
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Preliminary results

PR-AUC ROC-AUC

* Metrics are not great - hard task! N

=@~ Fine-tune
0.245
0.240

0.8175

0.8150
Validation (in- 2 .
le) ( ~0.012 0.3780 0.2568 0.3059 0.8917 0.2833 T
sample a ) 0.8100 he Fine-Tuning Win:
0.230 Targct Scnlmg: Fine-tuning provides
2 is v dest but highl
Target-only is very 0.8075 Coneletonit gallas e
0.225 weak at 15% budget source-only at the 30%

and 50% target budgets.

* Ranking signal: AUC, PR-AUC D scale g Inoudly
R

« few-shot gains are modest but consistent —— —
 More labels help target-only to catch up o 0270 |~ osamy
=@~ Fine-tune
0.0450 }
 Classification: f1 score | | oo
« Transfer does not help with classification § 0.0400 2 0.260
« Target-only becomes highly competitive for larger £ o075 & g
label budgets 00350
0.250 Y
° Callbratlon: Brler Score 0.0325 _-:-_ Source-only (0-shot) | } . Target]Or;Iy Catch»:vp:h|
Target-only 0.245 arget-only becomes highly
. pege . ; =@~ Fne-tune competitive or explicitly best on
* Predicted probabilities far from observed frequencies  **” ', - o |t 30% and 50% bucgets.
(baseline ~O-0099 for 10/0 preualence) Probabilistic Metric Flatlining: Target-game budget

Brier Score and Logloss do not

show consistent fine-tuning wins
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Conclusions & next steps

Rich use case for transfer learning / domain adaptation studies

Hard task: difficult to get nice metrics
« Class imbalance
* Noisy labels

Promising results for fine-tuning evidence

Future work:
* More diagnostics: measure covariate shift via domain classifier
« Calibrate domain shift directly (e.g. platt scaling, isotonic regression)
« Exploration of more architectures and fine-tuning techniques

Empirical Fraction of Positives

i Perfect
*“ I Calibration

Isotonic
Regression
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Q,‘ Questions?

Contacts: luca.clissa2@unibo.it
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« Target-only struggles under strict data constraints (15%)

* Fine-tuning consistently edges out source prior in ranking

Model Budget target ROC-AUC LOGLOSS

Source-only (@-shot) 15%
Target-only 15%

Fine-tune (few-shots) 15%
Source-only (8-shot) 30%
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