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m Introduction

Deep learning has driven important progress!

%y iNaturalist

Image classification Autonomous driving Games

Continue ......
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Limitations of deep learning models
* Deep learning models often rely on large training datasets.
» Real-world data often exhibits a long-tailed distribution.

 Humans can learn from one or few examples, thanks to their rich prior knowledge.
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m Introduction (con’t)

» Pre-training for Object Detection

Supervised Backbone V
MoCo, SwWAV, BYOL v X X
DenseCL, DetCo, DetCon v x x
PixPro, SoCo \ \ x
UP-DETR, DETReg, AlignDet v \ \
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» Long-tailed Object Detection
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» Simplicity Bias

An often-overlooked but
crucial challenge in long-
tailed object detection is

simplicity bias.
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Tricycle

Attention Magnitude (Red indicates high attention)



Overall framework of 2DRCL.:
Our 2DRCL framework integrates
three key components: Holistic-
Local Contrastive Learning,
Dynamic Rebalancing, and Dual

Reconstruction.
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m Our 2DRCL (con't) Holistic-Local Contrastive Learning
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m Our 2DRCL (con’t)
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Dual Recsnstructlon
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m Our 2DRCL (con't) Dual Reconstruction

[ AR e IJ_ Dual Reconstruction
P - . - . o . o o . . 1
Probability
I mask
I —’ —' —

—————————————— Semantic Reconstruction

Local Contrastive Learning

(1

[ LCL Loss ]

Lo = Yp=1 I f(x) = fFM(G(F ) I3

{ Detection Head

' \ / 2 4 Y
e

ll Encoder ﬁ Momentum Encoder Loss Calculation I J Reconstructed Image

S




: &) bhzHE2X%
m E X p e r I m e n tS %:‘ij/y @JG UNIVERSITY OF SCIENCE & TECHNOLOGY

Main results comparisons (COCO)

Table 1: Comparisons with state-of-the-art methods on COCO (Mask R-CNN with R50-FPN).

Backbone Initialization Methods APY  APEE APEE | AP™E APTF APDY

DenseCL [49] 39.6 59.3 433 - - -
Self-EMD [34] | 404  61.1  43.7 37.4 56.5 39.7
SoCo [50] 40.6 61.1 444 - - -
SlotCon [55] 41.0 61.1 450 - - -
Surpervised 383 58.0 421 34.3 54.9 36.6
ImageNet pre-trained backbone | AlignDet [25] 304 592 432 353 56.1 37.7
Ours 414 61.3 458 374 57.2 39.4

From scratch
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Main results comparisons (LVIS v1.0)

Table 3: Comparisons with state-of-the-art methods on LVIS v1.0 with a 2x schedule.

(a) Faster R-CNN with R50-FPN. (b) Mask R-CNN with ResNet-50/101.
Method AP APY®  APY®  APY Backbone | Method AP AP, AP, AP; AP™
BCE [40] 195 16 166 306 CE 187 04 165 293 197
RFS [11] 242 142 223 306 RFS [11] 237 142 229 293 247
DropLoss [19] | 21.8 52 21.8 29.1 EQLv2 [42] | 252 174 241 299 26.0
PCB [17] 230 62 215 322 R50-FPN | LOCE[9] | 266 185 262 307 274
EQLv2 [42] 254 158 235 317 SeeSaw [45] | 269 19.6 268 30.5 273
Seesaw [45] 264 168 251 322 ECM[22] |274 197 270 311 279
BAGS [27] 237 142 222 296 Ours 277 204 271 314 283
ACSL [48] 222 99 213 285 CE 255 166 245 306 266
LOCE [9] 251 157 242 30.1 EQLv2[42] | 272 206 259 314 279
BACL [38] 261 160 257 309 R101-FPN | SeeSaw [45] | 282 203 28.1 318 29.0
ECM [22] 267 175 257 322 ECM[22] |287 219 284 322 294
Ours 273 186 258 326 Ours 288 21.1 287 323 296
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m Experiments (con’t)
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% Thanks all! %
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