R add
3* " 'NEURAL INFORMATION i
2%. PROCESSING SYSTEMS -
: %

i 5

Tencent
YouTu Lab

ot

Decoupling Classifier for Boosting Few-shot Object
Detection and Instance Segmentation

Bin-Bin Gao!, Xiaochen Chen!, Zhongyi Huang!, Congchong Nie!, Jun Liu?
Jinxiang Lai!, Guannan Jiang?, Xi Wang? and Chengjie Wang!

ITencent YouTu Lab, 2CATL

Nov. 28— Dec. 9, 2022

Decoupling Classifier for Boosting Few-shot Object Detection and Instance Segmentation (NeurIPS 22)



Introduction o et
Few-shot object detection/ instance segmentation

Few-shot object detection (FSOD) aims to detect novel objects with very few novel
instances and abundant base instances.

General idea: a few-shot model should be able to transfer previous knowledge about
base classes to help future detection tasks on novel classes.

base classes: abundant labeled instances

base training
stage

FSOD and FSIS

novel training
stage

Pliers
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Introduction o Tt

Few-shot learning paradigm

Meta-learning paradigm aims to acquire task-level knowledge on base
classes and generalize better to novel classes.
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Meta RCNN, /CC1/ 79 . -
FSRW, /CCV/ 19 These methods suffer from a complicated training

FSDetView, £CCV/20" process (episodic training) and data organization
TIP. CVPR 21,

FCT. CVPR 22 (support-query pair).
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Introduction o s
Few-shot learning paradigm

Transfer-learning mainly follows a fully supervised framework.

I Base training
II. Novel Fine-tuning — RPN

Backbone

v TFA, /CML 19

v MPSR, £CCV/ 20

v ESCE, CVPR 21 These transfer-learning methods is more simple
v SRR-FSD, C VPR 21 and more efficient.

v DeFRCN, /ccV/ 21,

v' FADI, NeurlPS 21;
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Missing label issue
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(a) PASCAL VOC (b) MS-COCO (c) a one-shot labeled image

Instance-level few-shot setting: an instance as a shot for each class.
This easily meets missing label issue.

Does a few-shot model learn well under missing label conditions?
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Biased classification

Positive instances ) )
The box regression and mask segmentation

JAS— re L
R N 9 heads only accept clear positive instances and
’ \ .
: v seg thus no negative effects.
I \
L ; However, the classification head may be
E L confused by missing labeled instances and
\\ / . . . e .
Xaeoo” \J“T“\l thus results in a biased classification towards
I CS . . . .
Nesgie Missing labeled | (- 1 incorrectly recognizing foreground objects as
instances instances background.

Can we design a method to mitigate the biased classification?
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Positive © Negative * Missing labeled Positive -~ Negative = Missing labeled
P Positive head
/ \
/ \
'\ "— Classification head
\ /
SNe AT Negative head
standard classifier decoupling classifier

We propose a simple but effective method that decouples the
standard classifier into two parallel heads to process clear positive
instances and negative instances with missing labels.
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Positive  Negative =~ Missing labeled A exp(x;)
pi = >, exp(xy)
Positive head fg A
ositive hea [’CLS = — Zi:O yilog(pi).
mi= [mO ml mC—17mC’]T.
Negative head ~ exp (mx )
Di = >y exp(mta:t)
. . po _ bg
decoupling classifier L = = 2iso i log(ps).

Positive head:
standard softmax function and cross-entropy loss.

Negative head:
The only change is to introduce an image-level label vector 1, into the
softmax function.
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The core code for decoupling classifier

The core implementation only uses one line of code but leads to

consistent improvements.
Algorithm 1 PyTorch-like Style Code for Decoupling Classifier.

def dc_loss(x, y, m):
nnn
Compute loss for the decoupling classifier.
Return scalar Tensor for single image.

Args:
x: predicted class scores in [-inf, +inf], x’s size: N x (1+C), where N is the
number of region proposals of one image.
y: ground-truth classification labels in [0, C-1], y’s size: N x 1, where [0,C-1]
represent foreground classes and C-1 represents the background class.
m: image-level label vector and its element is 0 or 1, m’s size: 1 x (1+C)

Returns:

loss
nnn

# background class index
N = x.shape [0]
bg_label = x.shape[1]-1

# positive head

pos_ind = y!=bg_label

pos_logit = x[pos_ind,:]

pos_score = F.softmax(pos_logit, dim=1) # Eq. 4

pos_loss = F.nll_loss(pos_score.log(), yl[pos_ind]l, reduction="sum") #Eq. 5

# negative head
neg_ind = y==bg_ 1abe1

# total loss
loss = (pos_loss + neg_loss)/N #Eq. 6

return loss
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Comparisons with state-of-the-arts

Table 1: Comparisons with SOTA FSOD methods on PASCAL-VOC.

Table 2: Comparisons on MS-COCO

Novel Set 1 Novel Set 2 Novel Set 3
bisttidsl/ Shota ’W/g‘ 1 2 3 5 10’ i 2 = 3 10’ 12 3 10
FRCN-ft [39) ICCVI9 | X | 138 196 328 415 456 | 79 153 262 316 391 | 98 113 191 350 451
FSRW (17] ICCVI9O | X | 148 155 267 339 472|157 152 227 30. 405 | 213 256 284 428 459
MetaDet [34] ICCVI9O | X | 189 206 302 368 49.6 | 218 23.1 278 317 430 | 206 239 294 439 44.1
MetaRCNN [39]  ICCV19 | X | 199 255 350 457 515|104 194 29.6 348 454 | 143 182 27.5 412 481
TFA [33] ICML20 | X |398 361 447 557 560 | 235 269 341 351 39.1 | 308 348 428 495 498
MPSR [35] ECCV20 | X | 417 ~ - 514 552 618|244 - 392 399 478 356 - 423 480 497
TIP [19] CVPR2I | X | 277 365 433 502 596|227 30.1 338 409 469|217 30.6 381 445 509
DCNet (16] CVPR21 | X | 339 374 437 511 596 | 232 248 306 367 466|323 349 397 426 507
CME [20] CVPR2I | X | 415 475 504 582 609|272 302 414 425 468 | 343 396 451 483 515
FSCE [31] CVPR2I | X |442 438 514 619 634 | 273 295 435 442 502 | 372 419 475 546 585
SRR-FSD [@3] ~ CVPR21 | X | 478 505 513 552 568 |325 353 391 408 438 |40.1 415 443 469 464
FADI (1] NewlPS21 | X | 503 548 542 593 632|306 350 403 428 480 | 457 497 491 550 596
FCT (13] CVPR22 | X | 385 496 535 598 643 | 259 342 40.1 449 474 | 347 439 493 531 563
DeFRCN' 28] ICCV21 | X | 462 564 593 624 637|326 399 445 483 518 | 398 499 526 561 597
Ours X | 462 57.4 599 629 645|326 399 434 479 513|403 505 538 569 607
DeFRCN * 28]  ICCV21 | X | 536 575 615 641 608 | 301 38.1 470 533 479 | 484 509 523 549 574
Ours * ’ X 566 596 629 656 625|207 387 462 489 48.1|479 519 533 561 59.4

Methods / Shots K 2 3 5 10 30
FRCN-ft Iccvig | 1.0 18 28 40 65 111
FSRW [17] ccvig | - = : - 56 9.1
MetaDet ccviy | - - - - 71 113
MetaRCNN ccvig | - = : - 87 124
TFA [33] ICML20 | 44 54 60 177 100 137
MPSR [35] ECCV20 | 50 67 74 87 98 141
FSDetView IcCcv20 | 45 66 72 107 125 147
TIP CVPR2I | - - - - 163 183
DCNet [16] CVPR2I | - : - 128 186
CME CVPR2I | - - - - 151 169
FSCE [31] CVPR2I | - < . - 111 153
SRR-FSD [43] CVPR2I | - . 2 - 113 147
FADI (T] NewrIPS21 | 57 70 86 101 122 16.1
FCT [I3] CVPR22 | 51 72 98 120 153 202
DeFRCN' (28] Iccval | 77 114 133 155 185 225
Ours 81 121 144 166 195 227

Table 3: Comparisons with

SOTA gFSOD methods on PASCAL-VOC.

Novel Set 1 Novel Set 2 Novel Set 3

Methods / Shots ‘W/g‘ 12 3 s 10‘ 1 3 s 10‘ 12 5 10
FRCN-ft [39] ICCVI9 | v | 99 156 216 280 520 | 94 138 174 219 397 | 81 139 190 239 446
FSRW [I7] ICCVI9 | v | 142 236 298 365 356|123 196 251 314 298 | 125 213 268 338 310
TFA [33] ICML20 | v | 253 364 421 479 528 | 183 275 309 341 395|179 272 343 408 456
FSDetView [38] ~ ECCV20 | v |242 353 422 491 574 |21.6 246 319 370 457 | 212 300 372 438 496
DeFRCN (28] Iccv2l | v | 402 536 582 636 665|205 307 434 481 528|350 383 529 577 608
Ours | v | 458 591 621 668 680|318 417 466 503 537|396 521 563 603 633

Table 4: Comparisons with SOTA gFSOD methods on MS-COCO.

Method / Shots | L | & | 3 ‘ = ‘ 10 | 2
/o B N|O B N|O B N|O B N|O B N|O B N
FRCN-ft (3] | 162 210 17| 158 200 3.1 150 188 37 | 144 176 46| 134 161 55135 156 74
TFA (33] 244 319 19 |249 319 39253 320 51 (259 412 70 |266 324 9.1 | 287 342 121
FSDetView 32 49 67 8.1 107 159
DeFRCN [28] | 244 304 48 | 257 314 85 |266 321 107|278 326 136|297 340 168 | 314 348 212
Ours 274 344 62286 347 104|294 349 129 | 302 350 157 | 314 357 183 | 323 358 219

gFSOD:

Our method significantly outperforms
the SOTA by a large margin;

FSOD:;
Ours method is also better than the
SOTA under most cases.
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Comparisons with state-of-the-arts

A

Table 5: Comparisons with SOTA FSIS methods on MS-COCO.

Methods ‘ Tasks | ! | 2 | 3 | 3 | 10 ‘ 30
| | AP AP50 | AP AP50 | AP AP50 | AP AP50 | AP AP50 | AP  AP50
Meta R-CNN Iccvi9 - - - - - - 3.5 9.9 5.6 14.2 - -
MTFA [10] CVPR 21 247 485 - - - - | 6.61 1232 | 852 1553 - -
iMTFA [10] CVPR21 | Det | 3.28 6.01 - - - - 622 11.28 7.14 1291 - -
Mask-DeFRCN' [28]  ICCV 21 7.54 1446 | 11.01 20.20 | 13.07 23.28 | 1539 27.29 | 18.72 32.80 | 22.63 38.95
Ours 8.09 15.85 | 11.90 2239 | 14.04 25.74 | 16.39 29.96 | 19.33 34.78 | 22.73 40.24
Meta R-CNN [39] Iccvi9 - - - - - - 2.8 6.9 44 10.6 - -
MTFA [10] CVPR 21 2.66 4.56 - - - - 6.62 11.58 8.39 14.64 - -
iMTFA [10] CVPR21 | Seg | 2.83 4.75 - - - - 5.24 8.73 5.94 9.96 - -
Mask-DeFRCN' Iccv2i 6.69 13.24 9.51 18.58 | 11.01 21.27 | 12.66 24.58 | 1539 29.71 | 18.28 35.20
Ours 718 1433 | 1031 2043 | 11.85 23.24 | 1348 26.67 | 15.85 31.33 | 18.34 35.99
Table 6: Comparisons with SOTA gFSIS methods on MS-COCO.
| | Object Detection Instance Segmentation
Shots | Methods |  Overall | Base | Novel Overall | Base | Novel
| | AP AP50 | AP AP50 | AP AP50 | AP AP50 | AP AP50 | AP  AP50
| Base-Only | | 39.86 59.25 | | 3258 55.12 |
iMTFA [10] 21.67 3155 | 27.81 40.11 3.23 5.89 | 20.13  30.64 | 2590 39.28 2.81 4.72
1 Mask-DeFRCNT 23.82 3570 | 30.11 4442 | 495 9.55 | 19.58 33.38 | 24.63 41.57 4.45 8.81
Ours 2735 4255 | 3435 5246 6.34 12.79 | 2245 3933 | 28.03 48.60 | 5.72 11.53
2 Mask-DeFRCNT 2542 3831 | 31.06 45.82 852 15.79 | 21.09 3592 | 25.61 43.03 7.54 14.59
Ours 28.63 44.74 | 34.67 52.82 | 10.52 2049 | 23.73 4149 | 2852 49.12 | 9.38 18.62
3 Mask-DeFRCNT 26.54 40.01 | 31.77 46.83 | 10.87 19.55 | 22.04 37.48 | 26.22 4395 9.48 18.06
Ours 29.59 46.21 | 35.07 5330 | 13.15 2495 | 2455 42.81 | 2891 49.61 | 1146 2243
iMTFA [10] 19.62 28.06 | 24.13 33.69 | 6.07 11.15 | 1822 27.10 | 22.56 3325 | 519 8.65
5 Mask-DeFRCNT 27.82 4212 | 32.54 48.03 | 13.69 2441 | 23.03 39.37 | 26.84 45.04 | 11.60 22.36
Ours 3048 47.75 | 3530 53.65 | 16.02 30.05 | 25.20 44.12 | 29.10 49.87 | 13.50 26.86
iIMTFA [10] 19.26 2749 | 23.36 3241 6.97 12.72 | 17.87 26.46 | 21.87 32.01 5.88  9.81
10 Mask-DeFRCNT 29.88 4525 | 34.17 5048 | 17.02 29.58 | 24.75 4232 | 2823 4733 | 1432 2729
Ours 31.77 49.77 | 36.14 54.85 | 18.67 34.55 | 26.36 46.13 | 2991 51.11 | 15.71 31.19
30 Mask-DeFRCNT 31.66 48.11 | 35.10 52.01 | 21.33 36.44 | 26.23 4497 | 29.12 48.82 | 17.57 3342
Ours 3292 51.37 | 3645 55.05 | 22.30 40.31 | 27.31 47.61 | 3032 51.41 | 18.29 36.22

Our method outperforms
the SOAT on MS-COCO in
either FSIS or gFSIS setting.

entation (NeurIPS 22)
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Ablation study

Table 7: The effects of DC and PCB for FSIS performance on MS-COCO.

| | | Complexity | Detection | Segmentation
Shots | M-Rate | DC PCB | #Params. GFLOPs | Base | Novel | Base \ Novel
AP AP50 AP AP50 AP AP50 AP AP50
X X 54.9M 33454 | 30.09 44.45 3.89 743 | 24.62 41.58 3.52 6.88
1 83.3% v X 54.9M 33454 | 3435 5246 | 5.04 10.03 | 28.03 48.60 | 459 9.12
’ X v 99.4M 377.88 | 30.11 4442 | 495 9.55 | 24.63 41.57 | 445 8.81
v v 99.4M 377.88 | 3435 5246 | 634 1279 | 28.03 48.60 | 5.72 11.53
X X 54.9M 33454 | 32.54 48.03 | 11.94 21.16 | 26.84 45.04 | 10.10 19.37
5 80.3% v X 54.9M 33454 | 3530 53.65 | 14.01 26.17 | 29.10 49.87 | 11.80 23.38
’ X v 99.4M 377.88 | 32.54 48.03 | 13.69 2441 | 26.84 45.04 | 11.60 22.36
v v 99.4M 377.88 | 35.30 53.65 | 16.02 30.05 | 29.10 49.87 | 13.50 26.86
X X 54.9M 33454 | 34.05 50.21 | 1496 25.70 | 28.12 47.10 | 12.60 23.81
10 76.7% v X 54.9M 33454 | 36.13 54.81 | 16.66 30.79 | 29.90 51.07 | 13.98 27.72
’ X v 99.4M 377.88 | 34.17 5048 | 17.02 29.58 | 28.23 47.33 | 1432 27.29
v v 99.4M 377.88 | 36.14 54.85 | 18.67 34.55 | 2991 51.11 | 15.71 31.19
Effectiveness:

The decoupling classifier is effective not only on novel classes but also on base
classes;

Efficiency:
The decoupling classifier is more efficient because of no additional parameters or
computation cost.
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Why does the DC work well?

Gradient optimization:

Positive head:

= Prediction distribution = Prediction distribution
= Groundtruth distribution = Groundtruth distribution

oLte = =
80(211;8 — (p . —’fg) ox

/\ Negative head:

cl 2 per'sonc'4 dég 6 c7 b'g 9 cl c2personc4d dog c6 c7 bg c9 8£bg

CLS —| = —bg) 0%
(a) Positive head (b) Negative head g0, — P — 57%) g

Positive head: the gradient is updated in each dimension of the class space.

Negative head: the gradient is limited in some special dimension because of
the introduced 17 and thus the biased classification may be alleviated.
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Why does the DC work well?

Generalization ability (Reacll and mRecall):
—~ 60 70
2 =§= DC-mRecall — =§= DC-mRecall
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The mRecall and Recall of our decoupling classifier is significantly higher that of
the standard classifier on each shot with two few-shot settings. This means that
the decoupling classifier is helpful to mitigate the bias classification thus
boosting instance-level few-shot performance.
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Mask-DeFRCN

Ours

Mask-DeFRCN

The baseline (Mask-DeFRCN) could fail to detect some objects, because it may tend to
incorrectly recognize positive objects as background. However, the bias classification is
well mitigated using our method, and thus better detection results are obtained.
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O We rethink instance-level few-shot methods from the perspective
of label completeness and discover that existing few-shot
methods severely suffer from bias classification.

O We propose a simple but effective decoupling classifier for
mitigating the bias classification in instance-level few-shot
settings.

O We achieve state-of-the-art results on two instance-level few-shot
tasks without any additional parameters and computation cost.
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