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How to Improve the Accuracy of
Recognition for Untrimmed Videos?

Improving basic recognition model & sampling method

Direction 1:
Basic recognition model

______________________________________________

End to end:
3D CNN (13D, P3D, S3D,...) :
2D CNN (TSN, TRN, TSM, ... )

Two stage
. (Local feature integration):
. LSTM, Attention Cluster, ...

______________________________________________
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How to Improve the Accuracy of
Recognition for Untrimmed Videos?

Improving basic recognition model & sampling method

Direction 1. Direction 2:

Basic recognition model Sampling method
End to end: ' Hand-crafted sampler:
. 3D CNN (I3D, P3D, S3D,...) : . Uniformly sampling,
. 2D CNN (TSN, TRN, TSM, ...) | . Dense sampling
- Twostage ,  In this paper, we focus |
. (Local feature integration): | 5 I obased |
. LSTM, Attention Cluster, ...  on ledrning-base

. sampler.

______________________________________________
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Each agent executes the action to adjust the sampling location according to the policy
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Objectives
Hybrid Loss:

MARL Objective:

Reward function:

Policy gradient:

Maximum entropy:

Classification Objective:
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Loss = Leis(0p) + A2Lmars (6r)
Lyar(0r) = L;(07) + A1 Ly(67)

a __ a a
Tt = Ptgt — Pt-1,gt
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* Performance comparison of different backbones on the ActivityNet dataset.

ActivityNet v1.2

ActivityNet v1.3

Architecture R25 U25 All Ours R25 U25 All Ours
C3D 62.06 | 6289 | 6300 | 6413 | 5973 | 6068 | 6083 | 62.00
BN-Inception | 78.76 | 80.02 | 8050 | 8199 | 7508 | 7648 | 7733 | 78.32
ResNet-101 8073 | 8194 | 8226 | 8376 | 7869 | 7996 | 80.64 | 81.54
Inception-V3 | 8190 | 82.66 | 8325 | 8501 | 7927 | 8033 | 8086 | 82.34
ResNet-152 8272 | 8371 | 8407 | 8570 | 80.69 | 8208 | 8253 | 83.81

R25: Randomly sampling 25 frames

U2S5: Uniformly sampling 25 frames

All: Using all frames of video (1FPS) Ours: Using our method to sample 25 frames




Result: Experiments

mAP vs. number of observed frames.
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Method Backbone Pre-trained | top-1 | mAP
IDT [ ] - ImageNet | 64.70 | 68.69
C3D [ ] - SportsIM | 65.80 | 67.68
TSN [°]* BN-Inception ImageNet | 72.97 | 76.56
P3D [ ] ResNet-152 ImageNet | 75.12 | 78.86
RRA [77] ResNet-152 ImageNet | 78.81 | 83.42
Ours ResNet-152 ImageNet | 79.82 | 83.81
TSN [10]* BN-Inception Kinetics 78.98 | 81.80
Ours BN-Inception Kinetics 80.22 | 83.52
Cle6 Ensemble - - 90.9
Ours SEResNeXt152 Kinetics 85.72 | 90.05
Method YouTube Birds YouTube Cars
BN-Inception™ 60.13 61.96
I3D[]* 40.68 40.92
TSN [10]* 72.361 74.340
RRA [ ] 73.205 77.625
U25/All/Ours | 76.56/76.77/79.01 | 76.49/76.99/79.77
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Painting furniture Playing drums

ELECTRONIC DRUMS & PERCUSSION STORE - 01327 878018
ic.com

www.edrumattic.c

The first row. Uniformly sampling
The second row: Our method w/o context-aware observation
The last row.: Our method
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Result: Ablation Study I&Y 2019

* Different number of agents

ResNet-152 | 80.19 82.99 83.81 83.72 | 82.53

* Different context range

u25 All M=0 M=1 M=2 M=4

mAP 82.08 82.53 | 82.99 83.81 83.80  83.72

* Policy network transferring

U25 All MARL Birds' Sampler Cars' Sampler ANetl.2' Sampler R101' Sampler

82.08 82.53 83.81 | 82.70 82.66 83.41 | 83.43
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