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PROBLEM DEFINITION & MOTIVATIONS MAIN IDEA
Overview Main challenges Soft-assignment of
i : External memory glimpses over workers
- Video Understanding - High dimensional data
- Human Action Recognition - Only few parts of the video are important Workers
- Fine-grained understanding - Combining spatial and temporal information T/me'
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§ ‘Giving something to other person’ in featu re Space ./ tracking/recognition
Main features Advantages
Problem statement: 1. Video is mapped to features 1. Fine-grained features
How can an attention process selects local glimpse points in a video? 2. Model selects important Local Parts o B 2. Workers automatically focus on discriminative entities
3. Local features assigned to a set of workers (distributed recognition) 3. Attention process can be visualized (see below)

PROPOSED APPROACH

DIFFERENTIABLE GLIMPSE MEMORY NETWORK
How to extract more fine-grained features in an automatic way? New alimbse How to aggregate local features?
Extraction of local crops J p Distributing the recognition task over several workers
Recurrent predictions of the glimpse locations _ _
h Q( h [ ] ‘9) Independent Recurrent Workers Soft-assignment of glimpses to workers
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Zoom with Spatial Transformer HE R i | attention distribution Advantages
over workers Distance function Advanlages
Zig = STN(Z tyle.q) W1 : o : o : ® ° ® 1. Recognition distributed
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3. Fully-differentiable operations
through External Memory

o F(Ztvg H/W/ > >1 79

External memory
— {mk} Importance of a glimpse for a worker
Glossary m
PR NS
C : worker Pt,c,g = Oa Z € X Wek [1 — @(Vt,g, M)
g : glimpse &
What and where features SO8 FUMOTION

L=Lp (@’ y) +Lp (@p’ yp) + Lo (l, yp) Attracting glimpses to humans

Vig = Zt,g X A(lt,g ‘6’/\) — : encourages diversity
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Activity prediction Pose prediction * not too far from humans

VISUALIZATION OF THE ATTENTION PROCESS
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EXPERIMENTAL RESULTS

State-of-the-art NTU-RGB+D _ _ _
« Two datasets: NTU and N-UCLA Methods Posc RGB CS CV Avg Different attention strategies
* RGB only (no D, no pose) during testing Lie Group v 50.1 52.8 51.5 Glimpses Type of attention  CS CV Avg
* outperforms multi-modal approaches Skeleton Quads v 38.6 41.4 40.0 3D tubes Attention 855 927 892 Ablation study
* +1.9 and +4.4 vs Global Model Dynamic Skeletons 60.2 652 62.7 Seq. 2D Random Sampling 80.3 87.8  84.0 - Coherent attention matters
Northwestern-UCLA HBRNN v 59.1 64.0 61.6 Seq. 2D Saliency 86.2 929 895  Recurrent action > Saliency
Methods Data Viy Vis Vaz Avg Deep LSTM 4 60.7 67.3 64.0 Seq. 2D Attention 86.6 932  89.9 * Distributed workers > GRU
DVV D 585 552 39.3 51.0 SF;aIr_t:T"K/TreTLST'\é v 22'2 70.3 62'6
- tG. 2 77.7 735
CVP D 606 558 39.5 52.0 A L;ﬂr\:s ; > aip 770
i ' ' ' Ablation study
AOCG D 452 Ensemble LSTM 746 81.3 78.0 |
HPM+TM P 919 752 719 797 GCA-LSTM v 744 828 78.6 Methods Spatl.al Soft Lo LP LG CS CV Avg
. Attention Workers
Lie group P 742 - - - JTM v 76.3 81.1 78.7 GM VA 815 915 880
HBRNN-L P 785 - - - MTLN v 79.6 84.8 82.2 GM VY 855 921 888
Enhanced viz. P 861 - - - VA-LSTM 4 79.4 876 83.5 GM + Glimpses + GRU v ¥ 858 92.4 89.1
Ensemble TS-LSTM P 892 - - View-invariant ¢ 80.0 872 83.6 GC v v v - 857 925 89.1
Hankelets V452 Dgifl’:'ssd“\" v o Y ;‘2‘2 e e GC v v v Y 86.4 93.0 89.7
-Fanas X X . . .
nCTE V 686 683 521 63.0 . GC v v v - ¥ 861 929 895
Hands Attention v v7 848 90.6 87.7 GC v v v v v 86.6 932 89.9
NKTM V 758 733 59.1 69.4 c3D 535 703 869 ' " ao
- v - - - GC + GM v v v ¥ v 866 932 899
Global model V. 856 84.7 79.2 833 Resnet50+LSTM - v 71.3 80.2 7538
GlimpseClouds V 901 89.5 83.4 87.6 Glimpse Clouds - vy 86.6 93.2 89.9
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