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Goal: Action Recognition In Videos
How do we aggregate features across space and tlme’?
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We present ActionVLAD, a differentiable pooling layer
designed to aggregate features across spatio-
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temporal extent of videos for end-to-end trainable

action classification. T ActionVLAD
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Classification Loss
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Effect of
training
(rgb/flow)

How to
fuse RGB
and Flow?

Where to
ActionVLAD??

tSNE embedding
of conv5 & fc7
features; same
video => same
color

Analysis

(On HMDB-51 dataset, split 1)
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Overall*

2-stream
ActionVLAD

\_

51.2/58.4

43.3/53.1

ActionVLAD
51.2/58.4

Average

41.6/53.4 41.5/54.6
RGB Flow
42.9 55.0
49.8 59.1

Combined
58.5

66.3

* 3-split average/

ActionVLAD: Learning spatio-temporal aggregation for action classification
Rohit Girdhar, Deva Ramanan, Abhinav Gupta, Josef Sivic and Bryan Russell
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Experiments and Results
Regions aSS|gned to an “Actlon Word”

UCF/HMDB 3-split average (+multi-crop)

UCF101 HMDB51

Hold rod-like objects

iDT + FV 85.9 57.2

TDD + FV 90.3  63.2

NN + FV 88.0  54.3

_RCN 382.9 5

C3D +iDT 90.4

STM 88.6 g

2-Stream 92.5 65.4 f_é

ITC +iDT 92.7  67.2 5

2-Stream Fusion +iDT  93.5 69.2 g

ActionVLAD 92.7  66.9 E

ActionVLAD + iDT 93.6  69.8 :
Charades 5

2 Stream 18.6 - .

Inception RGB Stream 16.8 23.1 S

ActionVLAD (RGB) 17.6 25.1 g

ActionVLAD (RGB) +iDT  21.0 29.9 g

(Face/mouth)

(Eyes)

Action Word assignments for a
sample video (brushing hair)




