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A. Proxy task class splits

We use proxy tasks to apply the meta-tuning ideas, so
we generate sub-splits in the base classes. In this context,
we select some base classes to mimic novel classes to con-
duct the proxy task. We summarize the list of proxy Pascal
VOC classes on Table[I] The list of selected proxy novel
classes for the MS-COCO dataset is as follows: {"skis",

"o

"tennis racket", "scissors", "truck"”, "baseball bat", "hand-

"o "o "o "o

bag", "carrot”, "mouse", "parking meter", "apple", "knife",

"o

"microwave",

"o "o,

refrigerator”, "cake", "zebra"}.

B. Algorithm

We summarize the main meta-tuning procedure in Algo-
rithm[I] We can divide this algorithm into three parts: (i)
model initialization and parameter sampling, (ii) instance
sampling and mAP calculation, (iii) mAP normalization and
RL steps.

1) Model initialization and parameter sampling. This
algorithm firstly initializes the base proxy detection model
weights for the proxy task and sample p value from normal
distributions. The base proxy detection model represents the
object detection model trained using the Dp_preirain dataset.

2) Instance sampling and mAP calculation. The proposed
algorithm samples new instances from the proxy fine-tuning
dataset Dp_gypport» and calculates the mean average precision
scores on proxy validation dataset D} query after a certain
number of iterations. The algorithm repeats this process for
N times.

3) mAP normalization and RL steps. The proposed al-
gorithm normalizes the mAP scores, selects the maximum
score as the reward value among the normalized APs, and
applies a single REINFORCE step.

C. Additional Experimental Results

In this section, we share detailed experimental compari-
son results for Pascal VOC and MS COCO datasets.
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Algorithm 1 Meta-tuning Loss Function Learning

Input: Pre-trained model m;,,;¢, proxy fine-tuning dataset
Dy-support> proxy validation dataset Dp.query, number of rho
trials N, maximum iteration number M

iteration_index = 1
repeat
Initialize m;,,;; and sample new p
for rho_indexr = 1to N do
Sample new fine-tuning images from Dp_gupport
Take m;n;it, run all iter. using current samples
Calculate mAP[rho_index] on Dp._query

end for
Normalize mAP scores
Get max normalized AP as a reward
Make a single REINFORCE step
iteration_index += 1

until iteration_index = M

methods on Pascal VOC. We first present the detailed Pas-
cal VOC comparisons for each split and shot with only novel
classes in Table |2} and the detailed comparisons with all
classes in Table [3] The experimental results show that the
meta-tuning approach significantly improves the strong fine-
tuning based few-shot detection baselines on the Pascal VOC
benchmark. We provide complementary visual results of the
MPSR+Meta-ScaledDynamic+Aug method using the Pascal
VOC split-3/10-shot setting in Figure |I| We also present
examples from the visual results of the DeFRCN+Meta-
ScaledDynamic+Aug method using the Pascal VOC split-
2/10-shot setting in Figure 2]

Comparisons to meta-learning based FSOD and G-FSOD
on Pascal VOC. We present the detailed Pascal VOC com-
parisons with meta-learning based methods in Table 4| and
Table 5] for novel-only and all-classes settings, respectively.
Since the most of the meta-learning methods do not share
G-FSOD results, we are able to compare against a more



Proxy-base classes (Cp.pase) Proxy-novel classes (Cp-novel)
Split-1 Split-2 Split-3 Split-1 Split-2 Split-3
aeroplane bicycle aeroplane person motorbike horse
bicycle bird bicycle pottedplant person person
boat boat bird sheep sheep pottedplant
bottle bus bottle train train train
car car bus tvmonitor  tvmonitor  tvmonitor
cat cat car
chair chair chair
diningtable  diningtable cow
dog dog diningtable
horse pottedplant dog
Table 1. Proxy task class splits for Pascal VOC.
Split 1 Split 2 Split 3
Method/Shot 1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
FRCN [20] (ICCV’19) 152 203 290 255 287 | 134 206 286 324 388 | 196 208 287 422 421
TFA-fc [T5] (ICML'20) 368 291 436 557 570 | 182 290 334 355 390 | 277 336 425 487 502
TFA-cos [15] (ICML’20) 398 361 447 557 560 | 23.5 269 341 351 301 | 308 348 428 495 4938
MPSR [17] (ECCV’20) 372 436 509 537 602 | 248 281 380 398 459 | 373 400 439 478 501
Ret. R-CNN [4] (CVPR’21) 424 458 459 537 561 | 217 278 352 370 403 | 302 376 430 497  50.1
TFA+H [23] (CVPR’21) 451 440 447 550 559 | 232 275 351 349 390 | 305 351 414 490 493
FSCE [{4] (CVPR™21) 376 447 469 522 603 | 245 301 382 404 459 | 254 342 423 487 503
FADI (1]~ (NeurIPS$'21) 503 548 542 593 632 | 306 350 403 428 480 | 457 497 491 550 596
LVC [0] (CVPR’22) 360  40.1 486 570 599 | 223 228 392 442 478 | 343 434 429 520 545
LVC-PL9] (CVPR'22) 545 532 588 632 657 | 328 292 507 498 506 | 484 527 550 596 596
DeFRCN [[3] (CVPR21) 537 595 612 657 666 | 323 420 495 524 534 | 536 562 569 619 623
MPSR+Meta-Static 367 470 521 538 608 | 253 316 384 408 469 | 383 397 448 472  50.1
MPSR+Meta-Dynamic 404 475 519 549 605 | 256 317 385 406 467 | 376 402 447 491 503
MPSR+Meta-ScaledDynamic 415 479 527 554 609 | 257 322 389 408 468 | 385 409 459 490 510
MPSR+Aug 395 471 532 549 595 | 262 310 397 418 478 | 380 378 452 484 509
MPSR+Meta-Static+Aug 409 476 536 547 602 | 265 316 389 422 473 | 387 381 458 482 508
MPSR+Meta-Dynamic+Aug 410 475 538 552 602 | 264 322 398 427 485 | 389 39.1 460 488 513
MPSR+Meta-ScaledDynamic+Aug | 41.8 487 542 557 611 | 265 327 400 425 487 | 390 404 462 496 512
DeFRCN+Meta-ScaledDynamic+Aug | 584 624 632 67.6 677 | 340 431 510 536 540 | 551 566 573 626 637

Table 2. Comparison to fine-tuning based FSOD methods on the Pascal VOC dataset, with only novel classes. The best and the second-best
results are marked with red and blue. MPSR+Meta-Static, MPSR+Meta-Dynamic, and MPSR+Meta-ScaledDynamic represent meta-tuning

results.

limited number of meta-learning methods than FSOD. The
experimental results (Table ) show that our DeFRCN+Meta-
ScaledDynamic+Aug method obtains the best results in all
of the FSOD cases, except for the Split-2/1-shot setting. In
the G-FSOD experiments (Table E]), it is observed that the
proposed meta-tuning approach obtains the state-of-the-art
results with a clear margin against existing meta-learning
based methods.

Comparisons to meta-learning based FSOD and G-FSOD
on MS-COCO. We compare our results with meta-learning
based methods on the MS-COCO dataset and share the
obtained results in Table [6] In this table, we are able to
report a rather limited number of meta-learning methods
to compare the G-FSOD results since most meta-learning

based methods do not share G-FSOD results on the MS-
COCO dataset. In FSOD experiments, we also observe that
our DeFRCN+Meta-ScaledDynamic+Aug method obtains
higher results than several recently published meta-learning
based methods. We additionally observe major improve-
ments in terms of HM scores in the G-FSOD setting, similar
to the improvements obtained on the Pascal VOC dataset.

D. Implementation and runtime

We run our MPSR and DeFRCN experiments on a server
with 4 Nvidia Tesla V100 32GB GPUs. The base MPSR
model training to be used during fine-tuning takes 0.25 days
for Pascal VOC and 0.45 days for MS COCO datasets. Since
the base models used for the proxy tasks contain fewer



Split-1 Split-2 Split-3
Method/Shot 1 2 3 5 10 2 3 5 10 i 2 3 5 10

FRCN [20] (ICCV’19) 249 314 403 376 410 | 221 313 300 430 475 | 308 323 405 522 517
TFA-fc [13] (ICML20) S04 426 562 654 661 | 297 424 470 490 521 | 413 474 556 60.6 616
TFA-cos [13] (ICML20) 531 495 ST 654 653 | 363 400 476 486 522 | 445 485 559 612 614
MPSR [17] (ECCV™20) 458 525 593 618 655 | 360 307 498 517 569 | 476 499 545 581 600
FSCE [[4] (CVPR21) 507 565 581 616 661 | 365 424 498 515 558 | 382 474 546 599 611

Ret. R-CNN 4] (CVPR™21) 556 585 586 645 662 | 343 415 492 510 540 | 441 516 564 619 622
DeFRCN (13] (CVPR’21) 633 673 681 711 712 | 459 547 603 628 631 | 637 654 655 688 692
MPSR+Meta-Static 457 564 603 621 661 | 367 437 503 527 579 | 486 512 555 578  60.1
MPSR+Meta-Dynamic 502 572 606 633 670 | 37.0 439 504 525 578 | 479 518 554 591 602
MPSR+Meta-ScaledDynamic 510 573 609 633 671 | 371 441 507 525 577 | 487 521 561 590  60.5
MPSR+Aug 499 562 615 630 665 | 374 430 514 536 586 | 481 493 557 587 608
MPSR+Meta-Static+Aug 513 569 620 628 669 | 377 435 507 537 581 | 486 495 559 585 603
MPSR+Meta-Dynamic+Aug 513 568 621 633 670 | 378 442 517 543 593 | 489 505 565 590 612
MPSR+Meta-ScaledDynamic+Aug | 519  57.6 624 637 676 | 378 449 519 542 594 | 492 519 567 597 611
DeFRCN+Meta-ScaledDynamic+Aug | 667 693 698 722 721 | 477 558 618 639 637 | 649 658 662 697 702

Table 3. Comparison to fine-tuning based G-FSOD methods on the Pascal VOC dataset, with both base and novel classes. The best and the
second-best results are marked with red and blue. The harmonic mean (HM) of the base and novel class mAPs is used for the calculation.

Novel Set 1 Novel Set 2 Novel Set 3
Method/Shot 1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
M. R-CNN [20] (ICCV’19) 199 255 350 457 515 | 104 194 296 348 454 | 143 182 275 412  48.1
M. R-CNN* [20] (ICCV’19) 168 201 203 382 437 | 77 120 149 219 311 | 92 139 262 292 362
FSRW [8] (ICCV'19) 148 155 267 339 472 | 157 153 227 300 392 | 192 217 257 406 413
MetaDet [16] (ICCV'19) 189 206 302 368 496 | 21.8 231 278 317 430 | 206 239 294 439 441
FsDet [19] (ECCV*20) 254 204 374 361 423 | 229 217 226 256 292 | 324 190 298 332 398
ML TIP {10] (CVPR’21) 277 365 433 502 596 | 227 30 338 409 469 | 217 30.6 38.1 445 509
DCNet[7] (CVPR’21) 339 374 437 511 596 | 232 248 306 367 466 | 323 349 397 426 507
CME [11] (CVPR’21) 415 475 504 582 609 | 272 302 414 425 468 | 343 396 451 483 515
QA-FewDet [5| (ICCV'21) 410 332 353 475 520 | 235 294 379 359 3701 | 332 294 376 398 415
KFSOD 221 (CVPR'22) 446 - 544 609 658 | 378 - 431 481 504 | 348 - 441 527 539
FCT [6] (CVPR™22) 499 571 579 632 611 | 276 345 437 492 512 | 395 547 523 570 587
Meta-DETR 211 (TPAMI'22) 406 514 580 592 636 | 37.0 366 437 491 546 | 41.6 459 527 589  60.6
Ours  DeFRCN+Meta-ScaledDynamic+Aug | 584 624 632  67.6 677 | 340 431 510 536 540 | 551 566 573 626 637

Table 4. Comparison to meta-learning based FSOD methods on the Pascal VOC dataset, with only novel classes. The best and the second-best
results are marked with red and blue. MPSR+Meta-Static, MPSR+Meta-Dynamic, and MPSR+Meta-ScaledDynamic represent meta-tuning
results. ML represents the meta learning based methods.

classes and demand fewer iterations, the training of the
MPSR model takes 0.1 days in Pascal VOC and 0.6 days in
MS COCO datasets for the proxy-base classes. RL training
for meta-tuning using the final setting takes 0.05 days for

Pascal VOC splits and 0.5 days for the MS COCO dataset.

Finally, we note that meta-tuning operations do not incur any
overhead during the fine-tuning for novel classes.
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Figure 1. Randomly sampled MPSR+Meta-ScaledDynamic+Aug object detection results for the Pascal VOC dataset Split-3/10-shot
experiment. Base class instance candidates are marked with green, and novel class instance candidates are marked with red color. (Best
viewed in color.)
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Figure 2. Randomly sampled DeFRCN+Meta-ScaledDynamic+Aug object detection results for the Pascal VOC dataset Split-2/10-shot
experiment. Base class instance candidates are marked with green, and novel class instance candidates are marked with red color. (Best
viewed in color.)
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