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Abstract: In recent years, object detection in scenarios with fewer samples has attracted
widespread attention. Due to the limited information provided by the few samples, most of few-shot
object detection models are studied using the improved Faster RCNN detection framework.
However, due to the potential module contradiction problem in the Faster RCNN framework, the
feature capture and classification capabilities of the existing few-shot object detection models need

to be improved. In order to solve the above problems, this paper adds a gradient decoupling
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mechanism based on the Faster RCNN framework to alleviate the negative impact of the conflict

between RPN and RCNN on the backbone network during the backpropagation process. In order to

improve the feature detection ability of the object detection model, this paper adopts meta-learning

framework, integrates the distillation module based on attention mechanism and the multi-scale

attention module, and makes full use of the information of the query set and support set to capture

more global feature information. A large number of experiments have proved that under the setting

of randomly sampled shot amount k=1, 2, 3, 5, 10, the improved model can reach 21.8%, 34.7%,
40.9%, 44.5%, 51.7% mAP (AP50) on the new class of Pascal VOC dataset, respectively. Under
the £=10, 30 setting, the improved model achieves 25.1% and 27.6% mAP (AP50) on the new class

of the COCO dataset, respectively.
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Fig. 1

Learning strategy for a few-shot object detection framework based on meta-learning
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Fig. 5 Attention based distillation module
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Tab.1 Few-shot object detection performance on VOC 2007 test set
Split 1 Split 2 Split 3
Model Mean
1 2 3 5 10 12 3 5 10 12 3 5 10
FRCN™ 99 156 21.6 280 356 94 138 174 219 298 81 139 190 239 310 19.93
Deformable-DETR™ 56 133 217 342 450 109 13.0 184 273 394 73 166 208 322 418 23.17
RepMet™” 261 329 344 386 413 172 221 234 283 358 275 311 315 344 372 3079
[20]
FSRW 148 155 267 339 472 157 153 227 30.1 405 213 256 284 428 459 34.08
MetaRCNN"" 199 255 350 457 515 104 194 296 348 454 143 182 275 412 481 3110
TFA" 253 364 421 479 528 183 275 309 341 395 179 272 343 408 456 3471
[19]
LSTD 82 110 124 291 385 114 138 150 157 310 126 185 250 273 363 2039
FSDet™ 242 353 422 491 574 216 246 319 370 457 212 300 372 438 49.6 3672
MSA-Net 26.4 415 47.6 497 589 178 26.6 354 38.1 465 214 361 39.6 456 499 38.74
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Tab.2 Few-shot object detection performance on MS COCO test set

=10 k=30 Average
Model

AP AP50 AP75 AP AP50 AP75 AP AP50 AP75

Faster RCNN™" 5.5 10.0 55 7.4 13.1 7.4 6.45 11.55 6.45

Meta-YOLO™" 5.6 123 46 9.1 19.0 7.6 7.35 15.65 6.1

Meta Det'"! 7.1 14.6 6.1 11.3 21.7 8.1 9.2 18.15 7.1
Meta RCNN'"" 8.7 19.1 6.6 12.4 253 10.8 10.55 22 8.7
TFA” 9.1 17.1 8.8 12.1 22,0 12.0 10.6 19.55 10.4
MpPSR" 9.8 17.9 9.7 14.1 25.4 142 11.95 21.65 11.95
SRR-FSD"*” 113 23.0 9.8 14.7 29.3 13.5 13.0 26.15 13.85
FSCE™" 11.1 — 9.8 15.3 - 142 13.2 — 12.0
Deformable-DETR'*" 11.7 19.6 12.1 16.3 27.2 16.7 14.0 23.4 144
MSA-Net 145 25.1 152 16.1 27.6 16.9 153 26.35 16.05
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