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Baseline

Ours

FLOP S . Methods Backbones Training Input GFLOPs Top-1 Top-5
Models 2 & : Params Top-1 Top-5
(of single view) TSN [10]  InceptionV3  3x224x224  3x250 72.5% 90.2%
_ ARTNet [38]  ResNetl8 16 x112x112  24x250 70.7% 89.3%
0 7

C2D 42.95G 24.33M 70.2% 88.9% 13D [1] InceptionVl — 64x224x224  108xN/A 72.1% 90.3%
C2D-Pool 42.95G 24.33M 73.1% 90.6% RQ2+DD[36]  ResNet34  32x112x112  152x10 74.3% 91.4%
NLI3D[11]  ResNet50  128x224x224  282x30 76.5% 92.6%

C2D-TConv 53.02G 28.10M 73.3% 90.7% ip-CSN [35]  ResNet50  8x224x224  12x10 70.8% -
> A TSM [23] ResNetS0  16x224x224  65x30  74.7% 91.4%
C2D-TIM [24] 43.06G 24.3TM 14.7% 7% TEINet [24]  ResNet50  16x224x224  86x30 76.2% 92.5%
I3D3%1x1 62.55G 32.99M 74.39% 01.6% bLVNet-TAM [0] bLResNet50 — 48x224x224 93x9  73.5% 91.2%
: : SlowOnly [¢]  ResNet50  8x224x224  42x30 74.8% 91.6%
TSM* [23] 42.95G 24.33M 74.1% 91.2% SlowFastax1s [5] ResNetS0  (4432)x224x224  36x30 75.6% 92.1%
* [/ 0 0 SlowFastsxs [5] ResNetS0  (8432)x224x224  66x30  77.0% 92.6%

TEINet” [24] 43.01G 25.11M 74.9% 91.8% 13D* [7] ResNetS0 32 x224x224 335 %30 76.6% -
NL C2D [41] 64.49G 31.69M 74.4% 01.5% TANet-50 ResNet50 8x224x224 43%x30 763% 92.6%
TANet-50 ResNetS0  16x224x224  86x12  76.9% 92.9%

g : 0 CorrNet [37]  ResNetl01 32x10x3 224%30 792% -
Local branch . 43.07G 25.59M 73.3% 90.7% ip-CSN [35]  ResNetl52 32 x224x224  83x30 79.2% 93.8%
Global branch + SE [ 3] 43.02G 24.65M 75.9% 92.1% SlowFastigxs [¢] ResNetl0l (16+464)x224x224 213x30 78.9% 93.5%
) & TANet-101  ResNetl0l  8x224x224  82x30 77.1% 93.1%
TANet-R 43.02G 25.59M 76.0% 92.2% TANet-101  ResNetl01 — 16x224x224  164x12 78.4% 93.5%
TANet 43.02G 25.59M 76.3% 92.6% TANet-152  ResNetl52  16x224x224  242x12 79.3% 94.1%

Zhaoyang Liu et al. , TAM: Temporal Adaptive Module for Video Recognition in ICCV, 2021.
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L. Wang et al., TDN: Temporal Difference Networks for Efficient Action Recognition in CVPR 2021.
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HFZE57M%s (TDN)

S-TDM | L-TDM | FLOPs Topl
concat avg 36.2G 41.5%
concat diffv’ 36.2G 51.4%
diffv’ avg 35.9G 51.6%
diffv’ diffv’ 359G 52.3%
Model FLOPs Topl TopS
T-Conv [33] 33G 47.5% 77.5%
T-Conv++ [ 23] 165G 48.2% 79.1%
TSM [19] 33G 47.1% 76.2%
TSM++ [ Y] 165G 47.6% 77.9%
TEINet [20] 33G 48.4% 77.2%
TEINet++ [20] 165G 49.0% 79.0%
TDM 36G 52.3%  80.6%

L. Wang et al., TDN: Temporal Difference Networks for Efficient Action Recognition in CVPR 2021.

2023/6/12

Accuracy (%)

56

54

52

48

46

44

IMCCa

o MULTIMEDIA COMPUTING GROUP

Rt EHE A

TDNEy
30M | 100M 150M
TDNisr i
: . ' # Parameters
TDNsr TEINetex
TEINet1sr
SMex:
50 I— _— S S S S SO
_______________ TEINetse & L
TSMicr .EC OrnLite
ISMsr |
5 . NL 13D
0 50 100 150 250 300 350 400
FLOPs/Video (G)
7



Vision Transformer (TimeSformer)

S

Time Att.
Time Att. Local Att. d
| Joint Space-Time Att. | l Width Att.
¢ ¢
MLP | Height Att.
d S
20 | MLP
z(4)
Space Attention (S) Joint Space-Time Divided Space-Time Sparse Local Global Axial Attention
P Attention (ST) Attention (T+S) Attention (L+G) (T+W+H)

Gedas Bertasius et al., Is Space-Time Attention All You Need for Video Understanding?, in [CML 2021
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Attention Params K400 SSv2

Sparse Local Global 121.4M  76.8 563
Axial 156.8M  74.6  56.2

Method Top-1 Top-5 TFLOPs
ARTNet (Wang et al., 2018a) 69.2 883 6.0
I3D (Carreira & Zisserman, 2017) 71.1 893 N/A

R(2+1)D (Tran et al., 2018) 72.0 900 17.5
MFNet (Chen et al., 2018b) 72.8 904 N/A
Inception-ResNet (Bian et al., 2017) 73.0 90.9 N/A
bLVNet (Fan et al., 2019} 735 912 0.84
A?%-Net (Chen et al., 2018c) 746 915 N/A
TSM (Lin et al., 2019) 747 N/A N/A
S3D-G (Xie et al., 2018) 747 934 N/A
Oct-I3D+NL (Chen et al., 2019a) 75.7 N/A 0.84
D3D (Stroud et al., 2020) 759 N/A N/A
GloRe (Chen et al., 2019b) 76.1 N/A N/A

I3D+NL (Wang et al., 2018b) 77.7 933 1038
ip-CSN-152 (Tran et al., 2019) 778 928 3.2
CorrNet (Wang et al., 2020a) 792 N/A 6.7
LGD-3D-101 (Qiu et al., 2019) 79.4 944 N/A
SlowFast (Feichtenhofer et al., 2019b) 79.8 939 7.0
X3D-XXL (Feichtenhofer, 2020 804 946 538

TimeSformer 78.0 937 0.59
| TimeSformer-HR 79.7 944 5.11 |
] TimeSformer-L 80.7 947 7.14 |

Table 2. Video-level accuracy on Kinetics-400. TimeSformer-L
achieves the best reported accuracy.



Vision Transformer (ViVIT)

i T

Figure 2: Uniform frame sampling: We simply sample n. frames,
and embed each 2D frame independently following ViT [15].

Position + Token
Embedding

Embed to
tokens

Figure 3: Tubelet embedding. We extract and linearly embed non-
overlapping tubelets that span the spatio-temporal input volume.
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Table 1: Comparison of input encoding methods using ViViT-B
and spatio-temporal attention on Kinetics. Further details in text.

Top-1 accuracy

Uniform frame sampling 78.5
Tubelet embedding

Random initialisation [ 2] 73.2
Filter inflation [] 77.6
Central frame 79.2

Anurag Arnab et al., ViViT: A Video Vision Transformer, in ICCV 2021
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Table 2: Comparison of model architectures using ViViT-B as the
backbone, and tubelet size of 16 x 2. We report Top-1 accuracy on
Kinetics 400 (K400) and action accuracy on Epic Kitchens (EK).
Runtime is during inference on a TPU-v3.

FLOPs Params Runtime
K400 EK (x10%) (x10%)  (ms)
l_Moie:l_l: @a@-t&m@raﬂ_ _ Ei).() 3_ 1 455.2 88.9 58.9
Model 2: Fact. encoder 7884371 2844 100.7 17.4
Model 3: Fact. self-attention 774  39.1 372.3 1173 31.7
Model 4: Fact. dot product 763 395 2771 88.9 229
Model 2: Ave. pool baseline  75.8 38.8  283.9 86.7 173




Rt EHE A
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Vision Transformer (MVIT v1)
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l_ THW x D
X

Haoqi Fan et al., Multiscale Vision Transformers, in I[CCV 2021
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model pre-train top-1 | top-5 [ FLOPs x views | Param
Two-Stream 13D [ 14] E 71.6 |1 90.0 216 x NA| 25.0
ip-CSN-152 [102] E 7781928 | 109x3x10| 328
SlowFast 8 x8 +NL [34] E 78.7 1935 | 116x3x10| 599
SlowFast 16 x8 +NL [34] E 79.8 1939 234x3x10| 599
X3D-M [33] E 76.0 1923 6.2x3x10 38
X3D-XL [33] E 79.1 1939 | 484x3x10| 11.0
VIiT-B-VTN [84] ImageNet-1K | 75.6 [ 924 | 4218x1x1| 114.0
ViT-B-VTN [84] ImageNet-21K | 78.6 | 93 4218x1x1| 114.0
ViT-B-TimeSformer [8] |ImageNet-21K | 80.7 [ 94.7 | 2380x3x1| 121.4
VIT-L-ViViT [ 1] ImageNet-21K | 81.3 | 94.7 | 3992x3x4| 310.8
ViT-B (our baseline) ImageNet-21K | 79.3 [ 939 180x1x5| 87.2
ViT-B (our baseline) - 68.5 | 86.9 180x1x5| 87.2
MVIT-S - 76.0 | 92.1 329x1x5| 26.1
MVIT-B, 16 x4 - 78.4 1935 705x1x5| 36.6
MVIiT-B, 32x3 - 80.2 1944 170x1x5| 36.6
MViT-B, 64 x3 - 81.2 | 95.1 455x3x3| 36.6




Vision Transformer (MVIT v2)
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Yanghao Li et al., MViTv2: Improved Multiscale Vision Transformers for Classification and Detection, in CVPR 2022
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model pre-train | top-1 | top-5 | FLOPs x views | Param
SlowFast 16x8 +NL [23] - 79.8 [ 939 | 234x3x10| 599
X3D-XL [22] - 79.1 {939 | 48.4x3x10| 11.0
MoViNet-A6 [45] - 81.5]95.3 386x1x1| 314
MViTvl, 16 x4 [21] - 7841935 | 70.3x1x5| 36.6
MViTvl, 32x3 [21] - 80.2 | 94.4 170x1x5| 36.6
MViTv2-S, 16 x4 - 81.0 | 94.6 64x1x5| 345
MViTv2-B, 32x3 - 82.9 | 95.7 225x1x5| 51.2
ViT-B-VTN [59] 78.6 [ 93.7| 4218x1x1| 114.0
ViT-B-TimeSformer [3] 80.7 | 94.7 | 2380x3x1]| 1214
ViT-L-ViViT [ 1] ) 81.3 1947 | 3992x3x4| 310.8
Swin-L1 3842 [56] IN-21k 84.9 1 96.7 | 2107x5x 10| 200.0
MViTv2-L1 3122, 403 86.1 [ 97.0 | 2828x3x5| 217.6
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UniFormer
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Method Basis: Tackle Local |Capture Global|  Efficiency |
Operation Redundancy | Dependency |GFLOPs|Top-1

X3D (Feichtenhofer, (2020 PWConv-DWConv-PWConv v X 5823 80.4
TimeSformer (Bertasius et al.,[2021 Divided MHSA X v 7140 | 80.7
Our UniFormer Joint MHRA v v 168 | 80.8

K. Li et al., UniFormer: unified transformer for efficient spatiotemporal representation learning, in ICLR 2022
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Video Transformer (VideoMAE v1)

i T
. e e — o

am
case ratio SSV2 K400 case SSV2 K400 dataset method SSV2 K400
tube 75  68.0 79.8 from scratch 326 68.8  IN-1K ImageMAE 64.8 78.7
tube 90 69.6 80.0 ImageNet-21k sup. 61.8 78.9 K400 VideoMAE 68.5 80.0
random 90 68.3 79.5 IN-21k+K400 sup. 65.2 - SSV2 VideoMAE 69.6 79.6
frame 87.5F 61.5 76.5 VideoMAE 69.6 80.0

Mask 5 ¥

PRI SRR IS P ZR B

Z. Tong et al., VideoMAE: Masked Autoencoders are Data-Efficient Learners for Self-Supervised Video Pre-Training, in NeurIPS 2022

2023/6/12
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Z. Tong et al., VideoMAE: Masked Autoencoders are Data-Efficient Learners for Self-Supervised Video Pre-Training, in NeurIPS 2022
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Video Transformer (VideoMAE v1)

VideoMAE £ 5 i& R0t

100
90.8 [ previous SOTA without extra data
828 /1 from scratch (ViT-B)
80 - ‘ 817 =3 MoCo V3
[ VideoMAE
g
g 61.1
§ 60 - .
5 51.4 2.
!
<
~ 40+ 39.2
o
o
|_
20 - 18.0
0
UCF 101 HMDB 51

MCGC,

MULTIMEDIA COMPUTING GROUP

Rt EHE A

69.3
690 (169k)
o~
>
N 68.5 (126k)
)
A
N
ﬁ 68.0 68.2 (240k)
c
o— 67.8 (84k)
[S]
Q
<
—
& 67.0
(o]
= 132k iterations
66.6 (42k) 800 epochs
VideoMAE from K400
66.0
25 50 75 100

percentage of pre-training data (%)

Figure 6. Data efficiency of VideoMAE representations. Our de-
fault backbone is 16-frame ViT-B described in Table 1. » denotes
that all models are trained for the same 132k iterations, and
denotes that all models are trained for the same 800 epochs. Note
that it takes 132k iterations to pre-train the model for 800 epochs
on the full training set.

Z. Tong et al., VideoMAE: Masked Autoencoders are Data-Efficient Learners for Self-Supervised Video Pre-Training, in NeurIPS 2022

2023/6/12
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Video Transformer (VideoMAE v2)
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Encoder Decoder
v masking masking

Supervision Study on dual masking
and masking ratio

. d
Input video Tube masking Running cell masking D.ecoder MaSklng P TOp—l FLOPs 1
v None 0% 70.28 35.48G
L e e o - - - |
“Frame 50% 69.76 75.87G
_ Random 50% 64.87 25.87G
Cube embedding ]
. Running cell ! 50% 66.74 25.87G
Latent representation .o s : ;
Learnable mask token ) —* Encoder — —’© — —> Decoder —> rRQIlILlI’l_gI CEH_Z e Bl _25_%_ B 10_22_ — _3 1*63_G_
' (Running cell 2 50% 70.15 25.87G |
Reconstructed pixel RUI’ll’liIlg cell T 75% 70.01 2106G
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L. Wang et al., VideoMAE V2: Scaling Video Masked Autoencoders with Dual Masking, in CVPR 2023

2023/6/12 17
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Performance on Kinetics-400
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ConvMAE
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P Gao et al., ConvMAE: Masked Convolution Meets MaskedAutoencoders, in NeurIPS 2022
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_ O VIT Block | w/ Global Attention
i N VIT Block w/ Q Pooling | w/ Mask Unit Attention
: Al
= = (]
n 7
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ZIlIlZ
“ 7
X\ : 7 :
i ' AU Hiera ViT
U Encoder Decoder
_ Il'l'lﬂgil‘ Video backbone pretrain acc. FLOPs(G) Param
Setting acc. 1m/s acc. clip/s ViLB MAE 315 1R0x3 %3 37M
\['\ 1Tv2-L Supervise 85.3 219.8 80.5 20.5 Hiera-B MAE 84.0 102%3%5 51IM
Hiera-L MAE Hiera-B+ MAE 85.0 133x3x5 69M
a. replace rel pos with absolute - 85.6 2533 85.3 20.7 MViTv2-L - 80.5 377 x1x10 218M
b. replace convs with maxpools *  84.4 999"  84.1 1041 MViTv2-L  MaskFeat 843  377x1x10  218M
c. delete stride=1 maxpools * 854 309.2 84.3 26.2 ViT-L MAE 85.2 597x3 x5 305M
d. set kernel size equal (O stride 85.7 3698 855 294 Hiera-L MAE 87.3 413x3x5  213M
¢. delete q attention residuals 85.6 3743 85.5 2908 ViT-H MAE 86.6 1192x3 x5 633M
f. replace kv pooling with MU attn ~ 85.6 531.4 85.5 40.8 Hiera-H MAE 87.8  1159x3x5 672M

C. Ryali et al., Hiera: A Hierarchical Vision Transformer without the Bells-and-Whistles, in ICML 2023

2023/6/12
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\ feature type one-stage | variant top-1

f scratch - MVIT-S [56] 81.1

ta r%i Heoa(;[ure pixel 7 RGB 30.7

’ image descriptor v HOG [22 82.2

dVAE X DALL-E [73] 81.7

— unsupervised feature X DINO [9], VIT-B | 82.5

(DD —_ supervised feature X MVIT-B [31] 81.9
e - Table 1. Comparing target features for MaskFeat (video). All
- variants are pre-trained with MaskFeat for 300 epochs on MViT-S,
8 16 x4. We report fine-tuning accuracy on K400. Default is gray .

o
—

C. Wei et al., Masked Feature Prediction for Self-Supervised Visual Pre-Training, in CVPR 2022

2023/6/12
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MVD

frame-by-frame encoding

masked input

input video

=

LY
L\

=

iy
L\

visible tokens

image
teacher

student
encoder

video
teacher

decoder

add mask tokens

decoder
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R. Wang et al., Masked Video Distillation: Rethinking Masked Feature Modeling for Self-supervised Video Representation Learning, in CVPR 2023

2023/6/12

student |— teacher§ K400 top-1 | SSv2 top-1
image | video
ol feat v X 80.4 69.4
spatial reature .
e oton los VIT-S X v 80.1 70.0
v v 80.6 70.7
v X 82.3 714
ViT-B X v 82.1 71.8
v v 82.7 72.5
spatial-temporal feature
reconstruction loss
‘ . K400 top-1 SSv2 top-1
student teacher o E T NVD [ VIMAE | MVD
ViT-S ViT-B 79.0 80.6 11.6 66.4 70.7 14.3
ViT-S ViT-L 79.0 81.0 12.0 66.4 70.9 14.5
ViT-B ViT-B 81.5 82.7 11.2 69.7 72.512.8
ViT-B ViT-L 81.5 83.4 11.9 69.7 73.7 14.0
VIiT-L ViT-L 85.2 86.0 10.8 74.0 76.1 12.1
22
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AlA (ECCV2020) WOO (ICCV2021) STMixer (CVPR2023)
MOC (ECCV 2020)

Context RCNN (ECCV 2020)
. TubeR (CVPR2022)
ACARN (CVPR2021)

1

Two-model

2023/6/12 24



STMixer

Positional Queries Q,, Spatial Queries Q
Video Clip t  ASAM Module B e L1 OO =
B 1 «" M X Center Polnts Height, Width Self Attention
A @ Offset Generator

Temporal Propagating

Sampling Points

MCGC,
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Temporal Queries Q,

OO 0O =

Self Attention

Video Interpolation | <,y
Features
Backbone TP Parameter Generator SP  Parameter Generator
Channel & Point Mixing Channel & Point Mixing
4D Feature Space
Construction Linear Layer @ Linear Layer @
4D Feature Space @ EFN
© contenton e OO0EE OOEM
@ Element-wise Addition Q) Qs © Q:
TP  Temporal Pooling
FFN Short/Long-term Classifier

SP  Spatial Pooling

Human boxes Human Scores Action Scores

T. Wu et.al, STMixer: One-stage Sparse Action Detector, in CVPR 2023

2023/6/12
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36 - I *
| STMixer,ViT-B (from VideoMAE V2)

|
|
341 '
|

One-stage method

fintlandihes - Ablbdiii o
* ||
|

. _ |
STMixer,0SN-152 | STMixer,ViT-B (from VideoMAE)

with VideoMAE Backbone

|
|
I
|
|
One-stage method :
I
|
|
I

I
I
o |
£ 329 : R R 1
I | VideoMAE,ViT-B||
K : l l
TubeR,CSN-152
TubeR,CSN-15 ! Two-stage method |
| <+ | |
30 4 L
| STMixer,SF-R101-NL, |
| |
Lo e e e o |
l SlowFast,SF-R101-NL |l
| |
28 'R101-
IWOO,SF-RIOL-NL " Wesnesniso— — — |
150 200 250 300 350 400

GFLOPs
T. Wu et.al, STMixer: One-stage Sparse Action Detector, in CVPR 2023
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Introducing extra modal: LART (CVPR2023)

Use an offline 3D pose tracker to generate 3D pose tracklets

The representation of each person in each frames is a combination of pose
embedding and appearance feature

2023/6/12

PHALP
Tracking

er | —s [ Sunding ][ Watching | [ Carrying

— (e ) Comior )
— (i |

_.{ Standing ” ‘Watching ][ Carrying

— (o ) (St |

\:5)5;\"

£ %,

Appearance Features Pose Features
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Model Pretrain mAP
SlowFast R101, 8x8 [18] 238
MViTv1-B, 64x3 [14] K400 27.3
SlowFast 16x8 +NL [18] 27.5
X3D-XL [16] 27.4
MViTv1-B-24, 32x3 [14] K600 28.7
Object Transformer [67] 31.0
ACAR RI101, 8x8 +NL [44] 31.4
ACAR R101, 8x8 +NL [44] K700 33.3
MVIT-L 1312, 40x3 [38], IN-21K+K400 31.6
MaskFeat [65] K400 37.5
MaskFeat [65] K600 38.8
Video MAE [17,55] K600 393
Video MAE [17,55] K400 39.5
LART K400 42.3 (+2.8)

2/
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Introducing tracking information: TAAD (WACV2023)

3D RolAlign may fail to capture meaningful spatio-temporal features if the position or
shape of the actor shows large motion and variability through the frames

Use an offline tracker to generated actor tracks

Given the actor tracks, RolAlign can be performed in each frame (TOI-Align) and the
features are then aggregated (TFA)

Method f-mAP v-mAP
: - 0.5 02 05 .19
. YOWO [20, 21] 252 129 97 -
e MOC [20, 21] 252 129 97 -
SlowFast-R50 [12, 20] 27.7 242 97 -
SlowFast-R101 [27] 29.5 281 84 123
l 5 SlowFast-R101+PCCA [27] 422 410 200 209
Baseline (ours) 49.6 54.1 313 289
SlowFast =1 — TOI Baseline + tracks (ours) | 506 563 330 309
+ — g e — 2 —
. 1= Align TAAD + MaxPool (ours) 539 586 348 324
- 1~ TAAD + ASPP (ours) 544 592 360 330
BxCxTxWxH NyxTx TAAD + TCN (ours) 553 60.6 370 337

Setting new SOTA on Multisports dataset with large motion

2023/6/12 28



S e Fraill /3R I32s

o MULTIMEDIA COMPUTING GROUP

& it 5 & 35T A

T E XS HE

NMS
YSERIBES [ H I [— Mg > MNER

(a)

m&ﬁﬁﬁﬁﬁ
A NMS
GIEICE N E e | B R [ TSR
(b)
NEEHE
Y

L8 ) > Mg [ WNER

RN

(c)

2023/6/12 29



JamE T : ActionFormer

ActionFormer: Localizing Moments of Actions with Transformers (ECCV2022)

Transformer Encoder

F

Detected Actions
|
Classification : :
- W
Hegression I -
{ { } {
Lightweight Convolutional Decoder
Yy
{ { } {
r b
Action Multi-scale Transformer Encoder
Former . J

Projection using Convolutions

2023/6/12

Downzsample
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PointTAD: Multi-Label Temporal Action Detectionwith Learnable Query Points (NeurlPS 2022)

— e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

Class Scores: T * C J Y
} | xL
J | Multi-level :
Vi Zo .| Interactive FFN !
Encoder : Module !
. Offsets: Ng x Ng !
Video features: Tx D ! :
1 . . Proposals: Ng x 2
NN Query Points: —————--------9-------1 » + Updated Query Points: —f Transform
T Ng X Ng : Ng X Nsg \
A A AR Query Vectors: | | — Updated Query Vectors: | |,
Idididid)e 4/ Ng x D | MHSA Ng X D —_FFN
PP | ' Class: Ngx C
RGB frame sequence : Action Decoder ':

M mm mE EE EE mE R N EE RS N RN W BN BN WE W EE mE BN SN WE N M NN EE N BN WE BN EE W NN SN Em B S Em wm ww mm
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iw=ZliE 7% BasicTAD

—— —
———— -

|
|
|
| I |
Iy ! l
I
I i 7 |
] | Augmentation ! | Backbone I \ Neck ; 1 Head 1
T —-, \-—————————-"‘—___—:_l__,.....--'h- _______ - \.._ _______ ,‘i
--------------------- :
____________ |
____________ i
___________ .
e 1
1
\
_______________________ . e —————————— e ———————————
TFPN(1D) R o TDM (1D) ™ o TDM+TFPN(1D) ™
[ | 1| 1
[ | 1 1 ]
1 1 1 1 » 1
Head )| | [ —{Head) || B :
r
I | 1 1 1
? P P E:I—'fz |
i 1 1 1
Head | : ::l_’ Head | i - Head |
| o ) :
Head : : Head : : ¥ :
o 1 Head |,
[ \ I \ [
stage n* ,I \\ stage n ,l \\ stage n ,f

----------------------- - O e e /

2023/6/12 32
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iw=ZliE 7% BasicTAD

Table 4
Study on the effectiveness of end-to-end training based on the anchor-based BasicTAD with different backbones on THUMOS14 (Jiang et al.,
2014). “e2e” is short for end-to-end training. We freeze all layers in the backbone to construct a non-end-to-end training manner.

Backbone ele mAP@0.3 mAP@0.4 mAP@0.5 mAP@0.6 mAP@0.7 Avg
cap v 54.4 50.8 457 37.4 26.1 | 42.9 |
X 32.0 27.2 22.0 14.4 7.6 | 206 I
|
50 v 59.5 56.0 51.4 41.8 28.3 | 47.4
X 35.2 29.7 23.1 15.9 8.1 | 224

. . . ! . | .
RE0-13D v 62.8 59.5 53.8 43.6 30.1 50.0 |
X 36.5 31.8 26.7 19.6 12.3 | 254 |

|
v 63.1 59.5 54.3 43.6 30.5 50.2 |
lowOnl

SlowOnly (x8) X 37.3 32.4 26.6 19.8 13.0 I 258 |

M. Yang et al., BasicTAD: An astounding RGB-Only baseline for temporal action detection, in CVIU 2023

2023/6/12 33
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Table 13
Comparison with state of the art on the THUMOS14. “RGB-Only” means whether fo use other input modalities besides RGB input.
Type Method Backbone |RGB-OnlyI mAP mAP mAP mAP mAP T Tmap 1 FLOPs
I | @0.3 @0.4 @0.5 @0.6 @0.7 | @Avg |

BSN (Lin et al., 2018) TSN 1 X | 53.5 45.0 36.9 28.4 200 | 368 1 -
MGG (Liu et al., 2019) TSN 1 I 53.9 46.8 37.4 29.5 213 | 378 | -
BMN (Lin et al., 2019b) TSN X I 56.0 47.4 38.8 29.7 205 | 385 |-
DBG (Lin et al., 2019b) TSN I x 57.8 49.4 39.8 30.2 21.7 39.8 -
RTD-Net (Tan et al., 2021) 13D | ¥ | 58.5 53.1 45.1 36.4 250 | 436 | _

Multi-stage TCANet (Qing et al., 2021) TSN ¥ I 60.6 53.2 446 36.8 267 | 444 | -
G-TAD (Xu et al., 2020) TSN X [ 66.4 60.4 51.6 37.6 229 | 478 -

in et al., . . . . . . .

AFSD (Li 1., 2021) 13D Ix 67.3 62.4 55.5 43.7 31.1 52.0 2780.0G
DCAN (Chen et al., 2022) TSN I x l 68.2 62.7 54.1 43.9 326 | s23 | _
SP-TAD (Wu et al., 2021) 13D X | 69.2 63.3 55.9 45.7 334 | 535 | -
TadTR (Liu et al., 2022a) R50-SlowFast v I 69.4 64.3 56.0 46.4 349 | 542 |  475.0G
SSAD (Lin et al., 2017¢) TSN ix I 43.0 35.0 24.6 - - | - | -
DBS (Gao et al., 2019) TSN X I 50.6 43.1 34.3 24.4 14.7 : 33.4 |
A2Net (Yang et al., 2020) 13D Ix 58.6 54.1 45.5 325 17.2 41.6 -
PBRNet (Liu and Wang, 2020) 13D | ¥ | 58.5 54.6 51.3 41.8 295 | 471 | -
R-C3D (Xu et al., 2017) C3D lv | 44.8 35.6 28.9 - - I _ I 1360.0G6

One-stage GTAN (Long et al., 2019) P3D v I 57.8 47.2 38.8 - - | - | -
DaoTAD (Wang et al., 2021a) R50-13D v I 62.8 59.5 53.8 43.6 301 | 500 2067G
DaoTAD!!2 (Wang et al., 2021a) R50-SlowOnly I, 63.2 59.7 54.4 45.6 32.2 I 51.0 133.3G
PlusTAD, ' (Anchor-based) R50-SlowOnly lv I 68.4 65.0 58.6 49.2 33.5 sa.0 | 1364
PlusTAD,;; (Anchor-free) R50-SlowOnly v | 70.4 65.5 57.6 46.0 33.2 | s45 | 15156
PlusTAD,’),, (Anchor-based) R50-SlowOnly 4 I 72.3 68.4 62.0 52.4 37.0 | 584 | 519.3G
PlusTAD. (Anchor-free) R50-SlowOnly v 75.5 70.8 63.5 50.9 37.4 | 596 533.1G

> ﬁ I B I

M. Yang et al., BasicTAD: An astounding RGB-Only baseline for temporal action detection, in CVIU 2023
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©  TallFormer: Temporal Action Localization with a Long-memory Transformer (ECCV 2022)
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FineAction: A Fine-Grained Video Dataset for
Temporal Action Localization

Yi Liu~, Limin Wang . Member, IEEE, Yali Wang ™, Xiao Ma, and Yu Qiao . Senior Member, IEEE

ActivityNet

Futsal

FineAction

pass soccer keep goal shot soccer
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Database Category M-L  Video Instance Overlap Duration Action type Main task
MPII Cooking [24] 65 v 45 5,609 0.1% 11.1 m kitchens Action Classification
. EPIC-Kitchens [26] 4,025 v 700 89,979 28.1% 3.1s kitchens Action Classification
s 538§ FineGym V1.0 [23] 530 v 303 32,697 0.0% 1.7 s sports Action Classification
s§§§ fg \ THUMOS14 [14] 20 X 413 6,316 17.5% 43 s sports Temporal Action Localization
¢ ActivityNet [15] 200 X 19,994 23,064 0.0% 49.2 s daily events  Temporal Action Localization
HACS Segment [16] 200 X 49,485 122,304 0.0% 332 s daily events  Temporal Action Localization
L FineAction 106 v 16,732 103,324 11.5% 7.1s daily events  Temporal Action Localization
@
“Z;v:“"‘::";{
Personal s “',pw;;e _— Database 0-2s 2-6 s 6-15 s >15s | Ins/ Vid
amies 20" THUMOSI14 [14] 2,029 2,753 1,437 99 15.29
- et ActivityNet [15] 900 3,253 4,426 14,485 1.15
oraome HACS Segment [16] 8,874 29,644 31,982 51,804 247
ol ump FineAction 66,890 15,253 10,523 10,586 6.17
Esxz:::i:'o. w;m h'"‘.‘ﬂvre;,y
Htertlys,
b’ﬂlaj‘" "oke
athelets backe. e
. . . . . . .r = = ‘
. Action Proposal Generation Temporal Action Localization
Method | Modality | y\p@s AR@10 AR@100 AUC | mAP@0.50 mAP@0.75 mAP@0.95 lAvgmal
RGB 8.62 11.20 22.74 17.49 12.56 7.49 2.62 I 786 1
. BMN [I11] Flow 9.85 12.72 24.18 18.94 14.49 8.92 3.19 I 923 1|
%%;"q RGB+Flow 9.99 12.84 24.34 19.19 14.44 8.92 3.12 1 925 |
%f’a:".,;%;‘ RGB 6.82 9.01 21.26 15.48 8.57 5.01 1.93 [ 5.31
3% % %gb"g‘ ‘-,,a",:” DBG [17] Flow 8.27 10.90 23.37 17.70 11.03 6.95 2.70 7.20
TRy % ""%’ %% RGB+Flow 7.82 10.45 23.07 17.24 10.65 6.43 2.50 I 675 |
i RGB 7.96 10.45 20.86 16.06 10.88 6.52 2.19 I 687 1|
G-TAD [!2] Flow 8.87 11.60 22.01 17.09 12.58 8.18 2.56 | 826 1|
RGB+Flow 9.02 11.83 23.17 17.65 13.74 8.83 3.06 | 906
Ours RGB+Flow 11.47 15.10 29.61 23.07 22.01 12.09 3.88 , 1317
| S——
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MultiSports: A Multi-Person Video Dataset of Spatio-Temporally Localized
Sports Actions

Yixuan Li Lei1 Chen Runyu He Zhenzhi Wang Gangshan Wu Limin Wang”
State Key Laboratory for Novel Software Technology, Nanjing University, China

(7 dribble, drive ﬁ SCree, screen © ] pick-and-roll defensive,

pick-and-roll defensive

| bent leg(s) jump. support | ' explosive support, support bent leg(s) jump, support
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Figure 5. SlowOnly vs. SlowFast frame-mAP. Categories are sorted by descending order on the number of instances.
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Code & Model

VideoMAE code & model

https://github.com/MCG-NJU/VideoMAE
https://github.com/OpenGVLab/VideoMAEV2
https://github.com/OpenGVLab/InternVideo
https://github.com/OpenGVLab/Ask-Anything

Temporal and spatial action detection code

https://github.com/MCG-NJU/AdaMixer
https.//qithub.com/MCG-NJU/STMixer

https://qgithub.com/MCG-NJU/PointTAD
https://github.com/MCG-NJU/BasicTAD

MCC,

% 68 it 35 W 5% A |
https://github.com/MCG-NJU  https://github.com/OpenGVLab
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https://github.com/OpenGVLab
https://github.com/MCG-NJU
https://github.com/MCG-NJU/VideoMAE
https://github.com/OpenGVLab/VideoMAEv2
https://github.com/OpenGVLab/InternVideo
https://github.com/OpenGVLab/Ask-Anything
https://github.com/MCG-NJU/AdaMixer
https://github.com/MCG-NJU/STMixer
https://github.com/MCG-NJU/PointTAD
https://github.com/MCG-NJU/BasicTAD
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