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Abstract

Correspondences between frames encode rich informa-
tion about dynamic content in videos. However, it is chal-
lenging to effectively capture and learn those due to their
irregular structure and complex dynamics. In this paper,
we propose a novel neural network that learns video repre-
sentations by aggregating information from potential corre-
spondences. This network, named CPNet, can learn evoly-
ing 2D fields with temporal consistency. In particular, it
can effectively learn representations for videos by mixing
appearance and long-range motion with an RGB-only in-
put. We provide extensive ablation experiments to validate
our model. CPNet shows stronger performance than exist-
ing methods on Kinetics and achieves the state-of-the-art
performance on Something-Something and Jester. We pro-
vide analysis towards the behavior of our model and show
its robustness to errors in proposals.
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Figure 1: We view video representation tensor as a point cloud of
features with 7' X H X W points. For each point (e.g. the purple
point), its k potentially corresponding points are the k-NN in C-
dimensional semantic space from other frames. Our CP module
will learn and aggregate all these potential correspondences.

erations within a local neighborhood (e.g. convolution) or
global feature re-weighting (e.g. non-local means) for inter-
frame relation reasoning thus cannot effectively capture cor-
respondence: stacking local operations for wider coverage
is inefficient or insufficient for long-range correspondences
while global feature re-weighting fails to include positional
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CP Module Architecture
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Figure 2: CP module architecture. Gray boxes denote tensors, white boxes denote operators and orange boxes denote neural networks with
trainable weights. The dashed box represents the Correspondence Embedding layer, whose architecture is illustrated in detail in Figure 3.
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CP Module : k-nn grouping
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Figure 2: CP module architecture. boxes denote tensors, white boxes denote operators and orange boxes denote neural networks with

ts the Correspondence Embedding layer, whose architecture is illustrated in detail in Figure 3.
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CP Module : k-nn grouping
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Figure 2: CP module architecture. Gray boxes denote tensors, white boxes denote operators and orange boxes denote neural networks with
trainable weights. The dashed box represents the Correspondence Embedding layer, whose architecture is illustrated in detail in Figure 3.
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CP Module : k-nn grouping
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Figure 2: CP module architecture. Gray boxes denote tensors, white boxes denote operators and orange boxes denote neural networks with
trainable weights. The dashed box represents the Correspondence Embedding layer, whose architecture is illustrated in detail in Figure 3.
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Figure 2: CP module architecture. Gray boxes denote tensors, white boxes denote operators and orange boxes denote neural networks with
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CP Module: Correspondence Embedding
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CP Module: Correspondence Embedding

k ' i .
I I e s i it | L e WA, Wi MLP
THW Lo (index) : | S h ', w, | - - — — — L
- : b L e o\
! . | ; g L Lo
C : shared
THW | fio fik t ik glo pikpio wik-wio) -l MLP

o« k72| XI=2%l featureE2 7ISXIE S7oh= MLP HESIZ0|| (==,

e k712 MLP &2 ZI element-wise 2 Max 2= 50} Z|= feature g
2 o[}
= [C L—
g’io — %124)( {C(f’l,o f’LJ t’LJ t’Lo hZJ hio,wij _wZQ)}

e CP Module2 Convolutional HER32| St 0|02 A& 4= U
1 =20 M= ResNet2| Residual Block? RELU &0 M 6:.F
= CPNet




A Failing of Several Previous Methods

Figure 4: An “up” example in our toy dataset.
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A Failing of Several Previous Methods

Table 1: Architectures for toy experiment

layer I3D NL ARTNet TRN C2D CPNet
Net [35] [32] [39] (ours)

convy3 X 3 X 1,163 x 3 x 3,16 3 x3 x 1,16 |3 x3 x 1,16
NL block - - CP module

convs ; i ; z ?2123 ihgiR;:‘w 3x3x116 |3x3x1,16
pooling, pooling, |pooling, temporal| pooling,

fc fc relation, fc fc
train 27.8 26.8 27.1 97.9
val 26.4 25.9 26.9 97.4

Receptive Fields : 25 5x571 =|AHl& 84 (S8t 20| 2t WHSS| EZ BE AI8)

CPNet2 overfitting(eh& 7+s) EIRA2LE CHE BHHEL 9| 26~279| HEEZ randomdi| 717H2 Hs(1/
4)Q 2 st Alij

ARTNet, TRN : 22 Receptive Fields £ Qlaf Aluf

13D NL Net2 NL blockO|2t= global receptive fieldE ZtX|2t, NL blockO| positional information= %t
= Aulist%i7| 20| long-range motiond| CHt °M01| alufist

LN NL blockd]| H|Z22|L} HAMES A S7HAIZ|X| 411 pairwise positional informationS Bt st=
Z40| &X| 4Ch= HollM, CPNetel O|H2 =gl



Experiment Results

 Ablation studies

(a) number of CP modules

model | top-1 top-5
C2D 569 795
1 CP 60.3 824
2CPs | 604 824
4CPs | 610 83.1
6CPs | 611 83.1

(b) Ablation on CP module’s £ values used in training and testing time.

(¢) CP module positions

model | top-1 top-5
C2D 56.9 79.5
ress 60.4 82.4
resy 60.8 828
ress 59.2 81.6

top-1/top-5 test

accuracy k=1 k=2 k=4 k=8 k=16 k= 32
k=1 59.9/82.3 | 59.2/81.6 | 56.6/79.4 | 52.5/76.1 | 49.0/72.6 | 44.6/58.5
k=2 59.1/81.8 | 60.2/82.5 | 59.6/81.8 | 56.9/80.1 | 53.0/77.1 | 48.9/73.5

rain k=4 59.0/81.2 | 60.2/82.4 | 60.5/82.6 | 59.0/81.7 | 55.3/79.2 | 49.2/73.5
k=38 53.4/76.3 | 56.8/79.5 | 59.6/81.9 | 60.7/82.8 | 59.7/82.1 | 57.0/80.3
k=16 | 51.3/75.1 | 53.8/77.3 | 56.8/79.7 | 59.8/82.1 | 60.6/82.8 | 59.2/81.8
k=32 | 52.6/76.6 | 53.8/77.7 | 55.5/79.1 | 58.2/80.8 | 60.0/82.2 | 60.4/82.4




Experiment Results

 Comparison with Other Architectures

(d) Kinetics validation accuracy of architectures in Table 2. Clip length is 8 frames.

frame rate 1/12 of original frame rate 1/4 of original frame rate

val configuration I-clip, 1 crop | 25-clip, 10 crops | 1-clip, 1 crop | 25-clip, 10 crops
accuracy top-1 top-5 | top-1 top-5 top-1 top-5 | top-1 top-5
C2D 569 795 | 613 83.6 541 774 | 60.8 83.3
C3D [2¥] 583 80.7 | 64.4 85.8 55.0 785 | 633 85.2
NL C2D Net [33] | 58.6 81.3 | 63.3 85.1 553 78.6 | 62.1 84.2
ARTNet [32] 59.1 81.1 | 65.1 86.1 56.1 78.7 | 64.2 85.6
CPNet (Ours) 61.1 83.1 | 66.3 87.1 57.2 80.8 | 64.9 86.5

* Large Models on Kinetics

Table 4: Large RGB-only models on Kinetics validation accuracy.
Clip length for NL Net and our CPNet is 32 frames.

model params (M) | top-1 | top-5
I3D Inception [3] 25.0 72.1 | 90.3
Inception-ResNet-v2 [2] 50.9 73.0 | 90.9
NL C2D ResNet-101 [33] 48.2 75.1 | 91.7
CPNet C2D ResNet-101 (ours) 42.1 75.3 | 92.4



Experiment Results

* Results on Something-Something

(a) Something-Something v2 Results

e Results on Jester

params val test
model M) top-1 | top-5 | top-1 | top-5
Goyal et al. [12] 22.2 51.33 | 80.46 | 50.76 | 80.77
MultiScale TRN [39] 22.8 48.80 | 77.64 | 50.85 | 79.33
Two-stream TRN [39] 46.4 55.52 | 83.06 | 56.24 | 83.15
C2D Res18 baseline 10.7 35.24 | 64.49 - -
C2D Res34 baseline 20.3 39.64 | 69.61 - -
CPNet Res18, 5 CP (ours) 11.3 54.08 | 82.10 | 53.31 | 81.00
CPNet Res34, 5 CP (ours) 21.0 57.65 | 83.95 | 57.57 | 84.26
(b) Jester vl Results

model pa(rl\e/llr)ns val test

BesNet [11] 37.8 - 94.23

MultiScale TRN [39] 22.8 95.31 | 94.78

TPRN [35] 22.0 95.40 | 95.34

MFNet [20] 41.1 96.68 | 96.22

MFF [19] 43.4 96.33 | 96.28

C2D Res34 baseline 20.3 84.73 -

CPNet Res34, 5 CP (ours) 21.0 96.70 | 96.56




Experiment Results
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(a) A video clip with label “playing basketball” from Kinetics validation set.
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Experiment Results
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