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Temporal Action Segmentation
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Temporal Convolutional Neural Network "
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Multi-Stage Temporal Convolutional Network "
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[ Y. Abu Farha and J. Gall. MS-TCN: Multi-Stage Temporal Convolutional Network
for Action Segmentatlon CVPR 2019]




Multi-Stage Temporal Convolutional Network "
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Multi-Stage Temporal Convolutional Network "
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MS-TCN++
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MS-TCN++ vs. MS-TCN
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[ S. Lietal. MS-TCN++:
Multi-Stage Temporal
Convolutional Network for

_ Action Segmentation.
D | oAV 2020 ]
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Vision Transformers for Images or Videos '
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[ A. Dosovitskiy et al. An Image is Worth 16x16 Words Transformers for Image Recognition at Scale. ICLR 2021]
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Vision Transformers for Action Segmentation? "

Ground
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[ E. Bahrami et al. How Much Temporal Long-Term Context IS Needed for Action Segmentation? ICCV 2023 ]
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Transformer Block "

Transformer Encoder
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Vision Transformers for Action Segmentation "

Ground
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[ E. Bahrami et al. How Much Temporal Long-Term Context IS Needed for Action Segmentation? ICCV 2023 ]
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Vision Transformers for Action Segmentation
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[ E. Bahrami et al. How Much Temporal Long-Term Context is Needed for Action Segmentation? ICCV 2023 ]
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Vision Transformers for Action Segmentation "

Attention over local window
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Vision Transformers for Action Segmentation "

Attention over subsampled video
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Vision Transformers for Action Segmentation '

Attention over local window
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Attention over subsampled video
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Vision Transformers for Action Segmentation "

Attention over local window Attention over subsampled video
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Vision Transformers for Action Segmentation "

(12x spee'd)« |
.»‘

LV.\. [‘
"k\

Ours (12%) B




Research Unit - Anticipating Human Behavior "

§°4 Human Anticipation
= for Human-Robot
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Anticipating Behavior "
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Human Motion Anticipation

frame 1 frame 1 frame 1

[ J. Tanke et al. Intention-based Long-Term Human Motion Anticipation. 3DV 2021 ]
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Multiple Human Motion Anticipation "
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[ J. Tanke et al. Social Diffusion: Long-term Multlple Human Motion Anticipation. ICCV 2023 ]




Diffusion Model

Diffusion models consist of two processes:
* Forward diffusion process that gradually adds noise to input

* Reverse denoising process that learns to generate data by
denoising

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)
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Generative Process

Reverse denoising process

Reverse denoising process (generative)

Data Noise
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Generative Process

Reverse denoising process




Generative Process "

Reverse denoising process
Xo,t-1 = 9(q(X¢-1/Xo,t),t — 1)
Condition denoising process on observation

X1 = gla(Xo X UKGTN) 1 1)

\ i 5‘ ‘
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Generator — Single Person "

Temporal convolutional network
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Generator — Single Person
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Temporal convolutional network for encoder e and decoder d
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Generator — Multiple Persons
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Haggling Dataset

frame O

Haggling Dataset

<left seller>|<speak>
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* Triadic human interaction A\ &
between two sellers and one \ ;
buyer L I \

Towards Social Artificial Intelligence: Nonverbal Social Signal Prediction in Triadic Interaction, CVPR2019
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Long-term Multiple Human Motion Anticipation "
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Long-term Multiple Human Motion Anticipation "

Results on challenging sequences
of the CMU-MRT dataset @ .- ;

« s, p
| 5 -+
1 A\
AW AN
Input mot J
- !
. s
( / \ § J
{ \
Predicted motion
X )
e«

17.12.2024 uergen Gall — Lamarr Institute for Machine Learning and Artificial Intelligence



Humans In Kitchens: A Dataset for Multi-
Person Human Motion Forecasting




Dataset for Multi-Person Human Motion
Forecasting
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Dataset for Multi-Person Human Motion "
Forecasting

A B C D
# frames 128,959 (1.43h) 179,097 (1.99h) 175,392 (1.95h) 176,264 (1.96h)
# annotated poses 573,253 1,132,422 908,380 1,415,189
mean persons / frame 4.42 6.32 5.17 7.97

median persons / frame 4 6 5 7
max. persons / frame 9 14 9 16
# individuals 18 32 16 24

surface area 76.35m? 57.22m? 38.28m > 80.40m?
# camera views 11 11 12 12
# scene objects 37 40 29 50

[ J. Tanke et al. Humans in Kitchens: A Dataset for Multi-Person Human Motion Forecasting with Scene
Context. NeurlPS Datasets and Benchmarks Track 2023 ]
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Dataset for Multi-Person Human Motion
Forecasting

[ J. Tanke et al. Humans in Kitchens: A Dataset for Multi-Person Human Motion Forecasting with Scene
Context. NeurlPS Datasets and Benchmarks Track 2023 ]
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Dataset for Multi-Person Human Motion
Forecasting

[ J. Tanke et al. Humans in Kitchens: A Dataset for Multi-Person Human Motion Forecasting with Scene
Context. NeurIPS Datasets and Benchmarks Track 2023 ]
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Dataset for Multi-Person Human Motion
Forecasting
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Gated Temporal Diffusion for Anticipation "

Model uncertainty of the future...

Samp. 1

Samp. 2

i Samp. 3

Scrambled eggs _ Samp. 4

[ O. Zatsarynna et al. Gated Temporal lefusmn for Stochastlc Long term Dense Anticipation. ECCV 2024 |
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Gated Temporal Diffusion for Anticipation "

Model not only uncertainty of the future...
. but also uncertainty of the observation!

g Samp. 1

Samp. 2

Samp. 3

Samp. 4

Observation Anticipation

[O Zatsarynna et al. Gated Temporal Diffusion for Stochastic Long term Dense Anticipation. ECCV 2024 |




Gated Temporal Diffusion for Anticipation "

Noise

Observation Anticipation

[O Zatsarynna et al. Gated Temporal Diffusion for Stochastlc Long term Dense Anticipation. ECCV 2024 |




Gated Temporal Diffusion for Anticipation

i GTAN._ _
Loss Loss Loss

Stage 1 Stage S

Xl . ~ o xL A .

Y] Ys 1 S Y
» GTABIlock > ? e —b GTA Block >
. ——>| Feature Conv }
: é——)[Dropout]—)“m Conv]—)[ RelLU
> Gate Conv | »©)

[ O. Zatsarynna et al. Gated Temporal Diffusion for Stochastlc Long -term Dense Anticipation. ECCV 2024 |
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Gated Temporal Diffusion for Anticipation

Frames

0 20 40 60 80 100

Channels

[ O. Zatsarynna et al. Gated Temporal Diffusion for Stochastlc Long -term Dense Anticipation. ECCV 2024 |
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Gated Temporal Diffusion for Anticipation
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Gated Temporal Diffusion for Anticipation
GTD; a: 0.3, B: 0.5
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Wildfire Forecasting '

Wildfire susceptibility map for
02/07/2021

24.0° 25.5° 27.0°

42.0°

40.5°

Satellite Topographic

data products variables .
Resolution: :

1km x 1km x 1day

36.0°

Land cover years - 2009-2021

0.0

17.12.2024 uergen arr r earning and Artificial Intelligence



Static vs. Dynamic Variables

elevation

max_wind_speed
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Static vs. Dynamic Variables
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[ M.H.S. Eddin et al. Location-Aware Adaptive Normalization: A Deep Learning Approach for Wildfire Danger
Forecasting. IEEE Transactions on Geoscience and Remote Sensing 2023 |
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Location-aware Adaptive Normalization layer "
(LOAN)

* Dynamic variables often depend on static variables
* Modulate dynamic features by static features

Zd(n,k:,t,'w,h) ' Vs(n,k,w,h) T Bs(n,k,w,h)

[ M.H.S. Eddin et al. Location-Aware Adaptive Normalization: A Deep Learning Approach for Wildfire Danger
Forecasting. IEEE Transactlons on Geosuence and Remote Sensing 2023 ]




Location-aware Adaptive Normalization layer "
(LOAN)

[@ Element-wise multiplication €D Element-wise addition ]
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Location-aware Adaptive Normalization layer '
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[ M.H.S. Eddin et al. Location-Aware Adaptive Normalization: A Deep Learning Approach for Wildfire Danger
Forecasting. IEEE Transactions on Geoscience and Remote Sensing 2023 |
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Qualitative Results
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Forecasting Agricultural Drought

Simulation Projection

Future>




Forecasting Agricultural Drought "

TerrSysMP ncoder Decoder

Simulation

[ M.H.S. Eddin et al. Focal-TSMP: Deep learning for vegetation health prediction and agricultural drought
assessment from a regional climate simulation. EGUsphere preprint 2023 ]
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Forecasting Agricultural Drought

TerrSysMP
Simulation
Encoder Decoder
I:I Patch Focal Modulation I Conv2d § Down Sampling 4 Up Sampling ----> Skip
Embedding Block Connection
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Agricultural Drought Indices

L

Vegetation Health Index
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Forecasting Agricultural Droughts
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