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The feature (or score) aggregation is performed using:
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1. Introduction 3. Experimental results
. Datasets: UCF-101 [5] and HMDB-51 [6
o (Getting the best from both successful deep networks: [5] [6]
 3D-CNN for spatio-temporal feature extraction
 RNN as a temporal dependencies learning. Model selection
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LSTM vs Res-LSTM (HMDB-51)
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 The input to the Residual LSTM is given by: el
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 The class label prediction is obtained at time step T of the 2 PSR E DY ES e R YSEE aE VG523 0E L YR G e R s ST S e neLST S
OCCc200Colg3o0e vEonsooloccoEYllE 2Rt S o neno=0SEVELCo0
Lth LSTM model S5 T 3FTUUEE TCRRLYTE239005 00 B 8RER G 3L 2 Ege
“, = v O % (e 023 29 o= n &5 20 V5<0
= e gcul kY, h E_g e-3 'EE% 2 2 Vi
5 - T8 ges Y cg
Two stream model = "'z
v Vf v Vf Class name
l i l i Top-5 class predictions
3D — CNN¢ 3D — CNN/ 3D — CNN¢ 3D — CNN/
Y ;
o ! 9 | 9 o e
l Res — LSTM Res — LSTM
0
X
| l l
/;> j\)c j\}f BrushingTeeth Haircut PlayingFlute PullUps FrontCrawl
Res — LSTM N O — Ao Eyeakep Praynoficie. cromicrant
y 5 \
Mid-fusion Late-fusion 4. Conclusions

* Proposed a two-stream stacked Res-LSTM to action recognition by

means of spatio-tempoal feature instead of frame based approach

o Our proposed model shows state-of-the-art results on HMDB-51 for

RNN-like solutions and good performance overall.
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