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Source: Learning Transferable Visual Models From Natural Language Supervision
Masked Autoencoders Are Scalable Vision Learners



Pattern differences
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(a) Data Scaling Capacity Comparison

Representation over-fitting

(Contrastive)
* contrastive models can easily find
shortcuts with trivial representations

Data filling(Generative)

* generative models are less data-hungry
that learn decent initialization with very
few data



Attention Distance

Pattern differences
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Generative Masked Data Modeling (MPM)

e A
st @3NAL0%9Rac
o0 HpeARYO0
0.6 ig C @ ¢
0.4 9 O) Y 8
0.2 O
O | S R B I B B B B B D R I |

0 1 2 3 4 5 6 7 8 9 10 11 12 13
Cross-Modal Contrastive Modeling (CMC)
1

32 o6 080800
it

0.4
0.2

O 1 1 1 1 1 1 1 1 1 1 1 1 ]
0 1 2 3 4 5 6 7 8 9 10 11 12 13

(b) Average Attention Distance Comparison

Global Representation
(Contrastive)

* Pay more attention to long-
range information

Local Representation

(Generative)
» Pay more attention to short-range
information



Unified View
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Student-Teacher Paradigm
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A T I lsias asaadl # X: input embeddings (GxC)
[ xL| # Q: global queries (NxC)
- S encoder "\ / decoder D B
def block(X, Q):
[ Feed Forward ] [ Feed Forward ]
7y 7y X = MHSA(norm(X)) + X
v ¢ Q = MHCA(norm(Q), X.detach()) + Q
D De—————
[ Self Attention ] >[ Cross Attention ] X = FFN(norm(X)) + X
o = Q = FFN(norm(Q)) + Q
g L ~/
return X,
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 Generative student can serve as a powerful regularization technique to alleviate over-fitting

1ssue of the contrastive student.

 The data-filling issue of the generative student is alleviated due to the promising scaling
capacity of the contrastive student.

« ReCon circumvents the discrepancies in affention patterns between generative learning and

contrastive learning through a simple two-stream network architecture.

* Due to the equal number of global query tokens and contrastive teachers, the increase in

FLOPs 1s very small compared to the single-stream network.



Attention Visualization ICML | 2023

o
-
d
~
o
LR Gloal Glal
Local Token Local Token L()’E:ft}.Token Image Query Text Query
g P Lo
©
—
oF
~
«d Global Global

Local Token Local Token Local Token
Image Query Text Query



Downstream Tasks

State-of-the-art
Performance on 3D
Classification Tasks
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ScanObjectNN ModelNet40

Method #P #F PT MD

OBJ BG OBJ.ONLY PB_T50RS 1k P 8k P

Supervised Learning Only

PointNet (Qi et al., 2017a) 35 0.5 X X 73.3 79.2 68.0 89.2 90.8
PointNet++ (Qi et al., 2017b) 1.5 1.7 x X 82.3 84.3 779 90.7 91.9
DGCNN (Wang et al., 2019) 1.8 24 x X 82.8 86.2 78.1 92.9 -
PointCNN (Li et al., 2018) 0.6 - X X 86.1 85.5 78.5 92.2 -
SimpleView (Goyal et al., 2021) - - X X - - 80.54+0.3 93.9 -
MVTN (Hamdi et al., 2021) 11.2 437 x X 92.6 923 82.8 93.8 -

o PCT (Guo et al., 2021) 288 23 x X - - - 93.2 -
PointMLP (Ma et al., 2022) 126 314 x X - - 85.44+0.3 94.5 =
PointNeXt (Qian et al., 2022) 14 36 x X - - 87.7+0.4 94.0 -
P2P-HorNet (Wang et al., 2022) - 346 v Vv - - 89.3 94.0 -

with Single-Modal Self-Supervised Representation Learning (FULL)

» Transformer (Vaswani et al., 2017) 22.1 4.8 -4 X 83.04 84.06 79.11 914 91.8

e Transformer' (Vaswani et al., 2017) 43.6 53  x X 84.90 86.12 81.64 91.6 92.0

» Point-BERT (Yu et al., 2022b) 22.1 48 x X 87.43 88.12 83.07 93.2 93.8

» Point-MAE (Pang et al., 2022) 221 48 x X 90.02 88.29 85.18 93.8 94.0

o Point-M2AE (Zhang et al., 2022b) 153 36 x X 91.22 88.81 86.43 94.0 -

e Point-MAET (Pang et al., 2022) 436 53 x X 92.60 91.91 88.42 93.8 94.0

e RECON w/o vot. 436 53 x X 94.15 93.12 89.73 93.6 93.8

e RECON w/ vot. 436 53 x X 94.49 93.29 90.35 93.9 94.2

with Cross-Modal Self-Supervised Representation Learning (FULL)

» ACT (Dong et al., 2023) 221 48 v x 93.29 91.91 88.21 93.7 94.0

e RECON-Tiny w/o vot. 114 24 v Vv 93.80 92.94 89.10 933 93.6

¢ RECON-Small w/o vot. 190 32 v Vv 94.15 93.12 89.52 93.5 93.8

¢ RECON w/o vot. 436 53 x v 94.66 93.29 90.32 94.0 94.2

¢ RECON w/o vot. 436 53 v v 95.18 93.63 90.63 94.1 94.3

e RECON w/ vot. 436 53 v 95.35 93.80 91.26 94.5 94.7




Downstream Tasks ‘@ ICML | 2023

On Machine Learning

Table 2. Few-shot classification results on ModelNet40. T rep-
resent results of our proposed ® RECON-block built backbone

Table 3. Zero-shot 3D object classification domain transfer on architecture. Overall accuracy (%) without voting is reported.
ModelNet40 (MN-40) and ModelNet10 (MN-10). Top-1 accu- Method 5-way 10-way
racy (%) is reported. Ensemb. denotes whether to use the ensemble 10-shot 20-shot 10-shot 20-shot
Strategy Wlth multlple text inputS. DGCNN 31.6 £2.8 40.8 £ 4.6 199 £+ 2.1 169 £ 1.5
OcCo 906 £28 925+19 829+13 865+£22
Method Backbone  Ensemb. MN-10 MN-40 with Self-Supervised Representation Learning (FULL)
PointCLIP (Zhang et al., 2022¢)  ResNet-50 X 30.2 20.2 Transformer 87.8+52 933+£43 84655 8941063
CLIP2Point (Huang et al., 2022)  Transformer v 66.6 49.4 e Transformer’ 902 +£59 9434+44 852+59 899 +6.1
¢ RECON Transformer X 74.2 60.6 OcCo 940+36 959423 8944+51 924+46
e RECON Transformer v 75.6 61.7 Point-BERT 946+31 963+27 91.0£54 927451
MaskPoint 95.0+37 972417 914+40 934+35
Point-MAE 963 +£25 9784+18 926+4.1 950+3.0
o Point-M2AE 968 1.8 9834+14 923+£45 950+£3.0
e Point-MAE" 964 +28 97.81+20 9254+44 952+39
ACT 96.8 +23 980+14 9334+40 956428
Table 10. Linear SVM classification on ModelNet40. Overall accuracy (%) without voting is reported. * RECON 973+19 989+12 933+39 958+3.0
Method Hierachical ModelNet40 with Self-Supervised Representation Learning (MLP-LINEAR)
Point-BERT (Yu et al., 2022b) % 87.4 e Point-MAE" 91.1+56 91.7+40 835+6.1 89.7+4.1
OcCo (Wang et al., 2021) v 89.2 ACT 91.8+47 931+42 845+64 90.7+43
CrossPoint (Aﬂlam et al., 2022) Ve 91.2 e RECON 96.9 + 2.6 982+ 14 93.6 + 4.7 954 + 2.6
o PointM2AE (Zhang et al., 2022b) v 920 with Self-Supervised Representation Learning (MLP-3)
S ECON x S e Point-MAE 950+£28 96.7+24 90.6+47 938+50
ACT 959+22 9774+18 924+£50 947+39

e RECON 974 +22 985+14 93.6+47 957+27




Additional Baselines
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(b) two-tower network

Table 9. Study of the additional baseline. Overall accuracy (%) without voting is reported.

Method

ScanObjectNN  ModelNet40

Vanilla Multi-task Learning
Two-Tower Network

RECON

82.53 91.6
85.05 92.1
90.63 94.1

‘0000 0

Due to the pattern difference issue, both simple combinations fail to yield

satisfactory generalization performance.
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