Deep Learning imputation of missing data
empowers behavior analysis across species
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Introduction

- video pose estimation and motion capture now allow tracking of fine animal
movements over extended periods

- these methods can yield low precision detection and missing data

- currently, missing data are dropped or short gaps are linearly interpolated and
smoothed (e.g. median or Kalman filter)
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Related work

- DANNCE: end-to-end 3D CNN from multiple view videos to 3D pose. Different
application than DISK ']

- OptiPose: 3D keypoint refinement (against noise and missing values)
- BRITS, SAITS, GAN: general time-series imputation. BRITS inspired our GRU. We
tested SAITS' loss without improvement. GANs are known to be hard to train
(balance between losses) 810

[7]

Transformer-based DISK (Deep Imputation of SKeleton
data) imputes accurately missing keypoints in 2D and 3D.
A reliable estimated error allows the user to control the
quality of the imputed dataset.

Results

DISK outperforms other methods on 7 datasets
(2D and 3D, 5 species, 1 or 2 animals)
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RMSE: root mean square error, on held-out test sets 3 one-keypoint examples

Estimated error allows to filter out below-threshold
imputations

0.6 2-Fish o6 2-Fish 2-Fish
7 : 0.25-
0 HIGH TRESHOLD
_ 0 = 0.05 A
g - 0.20-
o 0.4 G 0.04 '
D o w
+— [ 0.15
g 0.3 S (.03 | LOW THRESHOLD =
= Pis ©
e 5
0.1 - 0.05
A‘géé:;; z; 0.01 _f\/fv’A\/-*\/—*J\—/\/\\ﬁJ—~_—/J«V-“JN’
0 - 0.00 - : : : 0.00
0 0.1 0.2 0.3 0.4 0.5 0.6 0 2000 4000 6000 8000 0 10 20 30 40 50 60
RMSE Number of remaining samples . _ Gap length .
Linear correlation between the after filtering The imputation error only slightly

The threshold controls the
imputation error in the output data.

increases with gap length, contrary to
the linear interpolation.

estimated and true error.
Pearson correlation: 0.842
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Methods

Self-supervised training, without human annotations
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- Estimate the frequency of missing keypoints & gap lengths to train on realistic gaps
- Compare linear interpolation as baseline & deep learning networks:

Gated Recurrent Unit, Temporal Convolutional Network, Graph Convolutional
Network, transformer

DISK network

point + estimated error
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Imputed steps allow finer characterisation of drug effects.
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Learned representations allow to classify behaviors.
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4-action class classification
with a Random Forest

using the learned representation vectors: angle mouse 2
balanced accuracy: 0.877 F1l-score: 0.846 precision score: 0.874
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