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ZhaoyangLiu etal. ,TAM: Temporal Adaptive Module for Video Recognition in ICCV 2021.
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Baseline

ours

FLOPs

. Methods Backbones Training Input GFLOPs Top-1 Top-5

Models 2 & : Params Top-1 Top-5 b
(of single view) TSN[10]  InceptionV3  3x224x224  3x250 72.5% 90.2%
: ARTNet [35]  ResNetl8 16 x112x112  24x250 70.7% 89.3%

0 0

C2D 42.95G 24.33M 70.2% 88.9% 3D [1] InceptionVl  64x224x224  108xN/A 72.1% 90.3%
C2D-Pool 42.95G 24.33M 73.1% 90.6% RQ2+DD[36]  ResNet34  32x112x112 15210 74.3% 91.4%
NLI3D[11]  ResNet30  128x224x224  282x30 76.5% 92.6%

C2D-TConv 53.02G 28.10M 73.3% 90.7% ip-CSN [35]  ResNet50  8x224x224  12x10 70.8% -
) TSM [23] ResNet50  16x224x224  65x30  74.7% 91.4%
C2D-TIM [24] 43.06G 24.3TM 14.7% 7% TEINet[21]  ResNet50  16x224x224  86x30 762% 92.5%
I3D3%1x1 62.55G 32.99M 74.39% 01.6% bLVNet-TAM [0] bLResNet50 — 48x224x224 93x9  73.5% 91.2%
: _ SlowOnly [5]  ResNetS0  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 o SlowFastsxs [5] ResNetS0  (8432)x224x224  66x30  77.0% 92.6%

TEINet™ [24] 4_3'01G 25.11M 74.9% 91.8% 13D* [7] ResNet50 32 x224x224 335 x30 76.6% -
NL C2D [41] 64.49G 31.69M 74.4% 91.5% TANet-50 ResNet50  8x224x224  43x30 76.3% 92.6%
TANet-50 ResNet50  16x224x224  86x12  76.9% 92.9%

g ; O CorrNet [37]  ResNetl01 32x10%3 224%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%
5 o TANet-101  ResNetl0l  8x224x224  82x30 77.1% 93.1%
TANet-R 43.02G 25.59M 76.0% 92.2% TANet-101  ResNetl0l  16x224x224  164x12 78.4% 93.5%
TANet 43.02G 25.59M 76.3% 92.6% TANet-152  ResNetl52  16x224x224  242x12 79.3% 94.1%

2023/6/12

ZhaoyangLiu etal. ,TAM: Temporal Adaptive Module for Video Recognition in ICCV2021.
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L. Wang etal. , TDN: Temporal Difference Networks for Efficient Action Recognition in CVPR 2021.
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S-TDM | L-TDM | FLOPs Topl 56 - TDN=
concat avg 36.2G 41.5% _ | oM | oM sow
concat | diffv’ | 362G  51.4% 4 = | —
diffv’ avg 35.9G 51.6% THNer Emfiﬂ
diffv’ diffv’ 359G 52.3% Sl B >SS ERPPM
‘;: TEINet1sr \
Model FLOPs Topl Top5 g O - Q@@
T-Conv [33] | 33G  475% 77.5% g
T-Conv++ [ 37] 165G 48.2% 79.1% 48 | IEL\?‘"IS;SU --------------------------------------- Py P
TSM [19] 33G 471%  76.2% o | |
TSM++[19] 165G 47.6% 77.9% 46 i : - |
TEINet [20] 33G 48.4% 77.2% o w_ D
TEINet++ [20] 165G 49.0% 79.0% 44 | - . |
TDM 36G 5239% 80.6% 0 50 100 150 200 250 300 350 400
FLOPs/Video (G)
L. Wang etal. , TDN: Temporal Difference Networks for Efficient Action Recognition in CVPR 2021.
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Vision Transformer & TimeSformer (

Attention Params K400 SSv2
Space 850M 776 366
| “Joint Space-Time ~ 85.9M ~ 78.1° 585 |
2~V LDivided Space-Time _121.4M _78.5 _ 59.5
Sparse Local Global  121.4M 768  56.3
E—— Axial 156.8M 746 562
Time Att. Local Att. d Method Top-1 Top-5 TFLOPs
| ARTNet (Wang et al., 2018a) 692 833 6.0
[ Joint Space-Time Att. | | Width Att. I3D (Carreira & Zisserman, 2017) 71.1 893 N/A
R(2+1)D (Tran et al., 2018) 720 900 175
d d MFNet (Chen et al., 2018b) 728 904 N/A
] Inception-ResNet (Bian et al., 2017) 73.0 90.9 N/A
, bLVNet (Fan et al., 2019) 735 912 0.84
Cwe ] Hegn AL A%-Net (Chen et al., 2018c) 746 915 N/A
¢ d TSM (Lin et al., 2019) 747 N/A N/A
$3D-G (Xie et al., 2018) 747 934 N/A
, |: Oct-I3D+NL (Chen et al., 2019a)  75.7 N/A 0.84
7 MLP D3D (Stroud et al., 2020) 759 N/A N/A
g GloRe (Chen et al., 2019b) 76.1 N/A N/A
I3D+NL (Wang et al., 2018b) 777 933 108
= ip-CSN-152 (Tran et al., 2019) 778 928 32
Z CorrNet (Wang et al., 2020a) 792 N/A 6.7
. . . . . LGD-3D-101 (Qiuetal., 2019) 794 944 N/A
Space Attention (S) Jiﬁeﬁggﬁig}")‘e D";ftzf‘tizaﬁ;g}me Sp;{f;#gﬁj:_‘fg’a' A"ﬁ'ﬁ‘ﬂfﬂ‘}'"” SlowFast (Feichtenhofer et al., 2019b) 79.8 93.9 7.0
X3D-XXL (Feichtenhofer, 2020) 804 946 58
TimeSformer 78.0 937 0.59
I TimeSformer-HR 797 944 511 |
1 TimeSformer-L 80.7 947 17.14 |

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

GedasBertasiuset al.,Is SpaceTime Attention All You Need for Video Understanding?,in ICML 2021
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MLP
| Head I—v Class

Factorised i Factorised i Factorised
Tran_s__f_q_rr_ng_r__ _En_c_p__qg_r Encoder i Self-Attention i Dot-Product
T Position + Token [ ) | i $
. @D @D .. - @ Embedding - ! i - ~
Figure 2: Uniform frame sampling: We simply sample n, frames, Mt R aiaiaieiuieiuts el \ i . ' ! pmmm e ———— X
and embed each 2D frame independently following ViT [15]. o i Temporal I E i i Temporal : i i _i
e i E : i 1 ! i-Spa(iaI Temporal |i
_.8_. Lx Self-Attention) :\__@I:@__J i \ : i L ________ I _________ :
L — —3 ! |
= __.| Embed to ,8 —— Pietuiuieh sttt vl ( | P )
E tokens gﬂm‘ll.-:n}.; | Spatial i i ; | i ii
: s g | B} || e
! Spatial E ! ' Spatial E ! L :
BN o S everNom ] R B N I 777777
\ , : : I
igure 5 Tubelet embecding. e extractand lincrly embed non E— — oD@ oD@ | oD - @
overlapping tubelets that span the spatio-temporal input volume. ’ '
Table 2: Comparison of model architectures using ViViT-B as the
Table 1: Comparison of input encoding methods using ViViT-B backbone, and tubelet size of 16 x 2. We report Top-1 accuracy on
and spatio-temporal attention on Kinetics. Further details in text. Kinetics 400 (K400) and action accuracy on Epic Kitchens (EK).
Top-1 accuracy Runtime is during inference on a TPU-v3.
FLOPs Params Runtime
Uniform frame sampling 78.5 K400 EK 109 (x105)  (ms)
B e e e e e
Tubelet embedding Model 1: Spatio-temporal _ 80.0__A3.1 4552 88.9 58.9
Random initialisation [24] 732 Model 2: Fact. encoder . 7884371 2844 100.7 17.4
Filter inflati 5] 77 6 Model 3: Fact. self-attention 77.4  39.1 372.3 117.3 31.7
titer intation {: : Model 4: Fact. dot product 763 395 277.1 889 229
Central frame 79.2

Model 2: Ave. pool baseline  75.8 38.8  283.9 86.7 173

Anurag Arnab et alViViT : A Video Vision Transformer, in ICCV 2021

2023/6/12 9
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Ze Liu et al. Video Swin Transformer, in CVPR 2022
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Vision Transformer € MVIT vl (

Po

[
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T
{ Add & Norm J
T Tﬁﬁ x D
MatMul ]
Fy h
Y taEwx TEW TAWxD
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TEW x D [ THIxD

Q K
i) (]
Q

| Pool ;-

_THW x D _THW x D . THWx D
K 1
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A A
l_ THW x D
X

HaoqiFan et al.Multiscale Vision Transformers, in ICCV 2021

2023/6/12

MCGC,

MULTIMEDIA COMPUTING GROUP

Rt EHE A

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
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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

Yanghaoli et al.,MViTv2: Improved Multiscale Vision Transformers for Classification and Detection, in CVPR 2022
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FFN
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ConcatH 0] I e, INormHLinear GELU 9_”

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)

Downsampled video clip
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case ratio SSV2 K400

tube 75 68.0 798

tube 90 69.6 80.0

random 90 68.3 795

frame 87.5% 61.5 76.5
Mask

L

; S
‘ a — E B Ee —_— Decoder

g & I

BB ld

case SSV2 K400 dataset method SSV2 K400
from scratch 326 68.8  IN-1K ImageMAE 64.8 78.7
ImageNet-21k sup. 61.8 78.9 K400 VideoMAE 68.5 80.0
IN-21k+K400 sup. 65.2 - SSV2 VideoMAE 69.6 79.6
VideoMAE 69.6 80.0

Z. Tong et al.VideoMAE : Masked Autoencoders are DateEfficient Learners for Self-Supervised Video PreTraining, in NeurlPS2022
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Video Transformer ( VideoMAE v1)
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Z. Tong et al.VideoMAE : Masked Autoencoders are DateEfficient Learners for Self-Supervised Video PreTraining, in NeurlPS2022
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Video Transformer ( VideoMAE v1)

VideoMAE

Z. Tong et al.VideoMAE : Masked Autoencoders are DateEfficient Learners for Self-Supervised Video PreTraining, in NeurlPS2022
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