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§ Collected from wearable sensors or computer vision systems

§ Contain missing values for various reasons (e.g., out-of-camera view, occlusion, etc.)

§ Many downstream tasks require complete tracking data

Background: Sports Player Tracking
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Wearable tracking
(usually via GPS/IMU sensors)

Optical tracking
(usually via cameras and CV techniques)



§ Goal: Impute missing player trajectories in mul5-agent sports

§ Challenges compared to general ?me-series imputa?on
• Dynamic inter-player rela?onships
• Biomechanical constraints (e.g., limited speed and accelera?on)
• Data scarcity in real-world sports due to confiden?ality and cost

Background: Sports Trajectory Imputa/on
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MIDAS: Mul5-agent Imputer with Deriva5ve-Accumula5ng Self-ensemble

§ Ini5al predic5on of posi?on, velocity, and accelera?on using Set Transformer and Bi-LSTM

§ Alterna5ve predic5ons by forward/backward accumula?on of velocity and accelera?on values 

§ Weighted ensemble of the ini?al predic?on and alterna?ve predic?ons

Proposed Framework: MIDAS

4Lee et al., Set Transformer: A framework for attention-based permutation-invariant neural networks. ICML 2019.
Hochreither and Schmidhuber. Long short-term memory. Neural Computation 9(8), 1997.



§ Set Transformer encoder for permutation-equivariant player embeddings

§ Bi-LSTM for player-wise temporal modeling

§ Joint prediction of position, velocity, and acceleration for each time step:
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Neural Network-Based Ini/al Predic/on (IP)

Lee et al., Set Transformer: A framework for aXen/on-based permuta/on-invariant neural networks. ICML 2019.
Hochreither and Schmidhuber. Long short-term memory. Neural Computa/on 9(8), 1997.
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§ Physical rela?onships between posi?on, velocity, and accelera?on:
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§ Ini?al predic?on does not enforce this rela?onships.

§ For each missing interval (𝑡* , 𝑡+), the model produces alterna?ve predic?ons $𝐩!
",, and $𝐩!

",- by 
accumula5ng velocity and accelera5on values on the posi5on at either observed endpoint.

$𝐩!!
",, = 𝐩!!

" , $𝐩!)'
",, ≈ $𝐩!

",, + !𝐯!
",$ + !𝐚!

",$Δ𝑡 Δ𝑡 𝑡* < 𝑡 < 𝑡+

$𝐩!"
",- = 𝐩!"

" , $𝐩!.'
",- ≈ $𝐩!

",- − !𝐯!
",$ − !𝐚!

",$Δ𝑡 Δ𝑡 (𝑡* < 𝑡 < 𝑡+)

Derivative-Accumulating Predictions (DAP)

𝑡* 𝑡+𝐩!"𝑡*$𝐩!
",,

!𝐯!
",$Δ𝑡

+ + +

+ +
!𝐚!
",$Δ𝑡

𝑡+ $𝐩!
",-

!𝐯!
",$Δ𝑡

- - -

- -
!𝐚!
",$Δ𝑡

Forward DAP Backward DAP Input trajectory

(Observed) (Observed)(Missing)

𝑘
Forward DAP 

Backward DAP 

𝐩!!
"

𝐩!"
"

6



§ Trade-off between IP and DAP
• IP does not enforce rela?onships between physical quan??es and thus lacks stability.
• DAP suffers from error compounding problem, especially for long missing intervals.

§ Dynamic ensemble by learnable weights to mix IP and forward/backward DAPs:
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Experiments
§ Datasets
• Soccer: 3 matches provided by Metrica Sports
• Basketball: 100 NBA matches provided by 

SportsVU
• American football: Preprocessed NFL sequences 

released with a Kaggle compeHHon

§ Missing Scenarios
• Uniform: Same missing interval for all players
• Agent-wise: Different missing intervals per player
• Camera: Players outside camera view are missing

Agent-wise missingUniform missing Broadcasting cameraSoccer Basketball

Observed Missing
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Experiments
§ Results
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Experiments
§ Results
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Experiments
§ Results
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Experiments
§ Results
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Applica/ons
§ Es5ma5ng physical metrics
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Ground truth

ImputeFormer

CSDI

MIDAS (ours)

§ Es5ma5ng pass success probability maps (Pitch Control)



Conclusions

§ Main contribu4ons
• Imputa?on framework that exploits physical rela?onships
• Experiments on various missing scenarios and datasets
• Demonstra?ng applicability to real-world applica?ons

§ Future work
• Adap?ng MIDAS to other domains
• Developing metrics for quan?ta?ve evalua?on in real-world applica?ons
• Applying MIDAS to downstream tasks in an end-to-end manner
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Trajectory Imputa/on in Mul/-Agent Sports with 
Deriva/ve Accumula/ng Self-Ensemble

Thank you for listening!
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