12
13

Supplementary material for
“Open-vocabulary vs. Closed-set:
Best Practice for Few-shot Object Detection
Considering Text Describability”

Anonymous Author(s)
Affiliation
Address

email

A Access to Our Code

All the code used in our experiments is available at: https://github.com/rsCPSyEu/ovd_cod

B Detailed Design of Our Benchmark Test

Our benchmark test is designed by repurposing the ODinW (Object Detection in the Wild) datasets [1].
The 35 included datasets are partitioned into three splits based on their CLIP zero-shot performance,
as explained in Sec. 3.3.

Table 4 shows the list of datasets included in each split and the CLIP classification accuracy for each
dataset. See also Fig. 2 in the main paper. The datasets highlighted in red indicate the 13 datasets that
existing OVD studies employ for evaluation. Most of these belong to S1 and S2, suggesting that their
class names are relatively easy to describe in text. S3 consists only of datasets with classes that are
difficult to describe.

Table 4: A list of 35 Datasets in ODinW [1] with corresponding CLIP zero-shot accuracy. Red color
shows 13 datasets that are typically used in previous methods [2].

S1(#12) S2(#12) S3(#11)
Dataset Acc. Dataset Acc. Dataset Acc.
CottontailRabbits 100.0 ShellfishOpenImages 45.3
i . HardHatWorkers 6.2
Packages 100.0 AerialMaritimeDrone(large) 38.2 AmericanSienL. Lett 57
mericanSignLanguageLetters 5.
Raccoon 100.0 AerialMaritimeDrone(tiled) 38.2 & guag
. .. UnoCards 55
NorthAmericaMushrooms 93.3 SelfDrivingCar 33.7
BoggleBoards 4.5
Pothole 88.9 Plantdoc 26.2 WebsiteS hot 28
ebsiteScreenshots .
OxfordPets(breed) 87.8 BrackishUnderwater 24.7
i X ThermalDogsAndPeople 1.4
VehiclesOpenImages 71.7 Pistols 24.6 BCCD 0.9
MountainDewCommercial 59.7 MaskWearing 155 Di 0'2
ice .
PASCAL VOC 57.6 EgoHands(generic) 10.0 -
i X . OpenPoetryVision 0.1
OxfordPets(species) 56.6 ChessPiecesPieces 8.6
. PKLot640 0.0
WildfireSmoke 52.7 ThermalCheetah 6.5 .
. EgoHands(specific) 0.0
Aquarium 49.6 DroneControl 6.3

In our experiments, we evaluate the object detection performance of multiple methods in a few-shot
setting. For each dataset listed in Table 4, we randomly select few-shot training samples from the
dataset’s training split; the original validation/testing split is used for validation/testing. We repeat
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Table 5: Detailed configurations of the few-shot training per a dataset. The numbers separated by a
slash represent the total number of images (#Img.) and the total number of bounding boxes (#Ann.)
used for the few-shot training, respectively. Configurations for K = 1 and 3 are shown.

K =1 (#Img. /#Ann. ) K =3 (#lmg. /#Ann. )
Dataset Classes
seed=0 seed=1 seed=2 seed=3 seed=4 | seed=0  seed=1 seed=2  seed=3  seed=4
CottontailRabbits 1 1/1 1/1 1/1 1/1 1/1 3/3 3/3 3/3 3/3 3/3
Packages 1 12 1/1 12 12 172 3/6 3/4 3/4 3/4 3/5
Raccoon 1 11 11 11 11 11 3/4 3/3 3/3 3/3 3/3
NorthAmericaMushrooms 2 2/8 2/2 2/4 2/3 2/2 6/14 6/7 6/9 6/15 6/7
Pothole 1 1/1 1/3 1/1 12 1/3 3/4 324 3/5 3/6 3/9
OxfordPets(breed) 37 37/37 37137 3737 37/37 37/37 | 111/111  111/111 11111 1111 11111
VehiclesOpenlmages 5 5/14 5/18 517 5117 5/6 15/32 15/46 15/25 15/28 15/28
MountainDewCommercial 1 1/39 1/49 1/51 1/51 124 3/90 3/110 3/98 3/90 3/78
PASCAL VOC 20 17/35 17/42 18/41 19/54 16/40 | 50/126  51/143  51/134  55/156  51/132
OxfordPets(species) 2 2/2 2/2 2/2 2/2 2/2 6/6 6/6 6/6 6/6 6/6
WildfireSmoke 1 1/1 1/1 171 1/1 1/1 3/3 3/3 3/3 3/3 3/3
Aquarium 7 6/50 6/53 6/49 6/26 6/15 17/151 19/100  18/107 18/97 17/90
ShellfishOpenImages 3 3/7 3/3 3/3 3/5 3/6 9/16 9/15 9/10 9/19 9/18
AerialMaritimeDrone(large) 5 3/96 4/53 2/48 2/28 3/36 6/141 10/139 7/110 576 7/109
AerialMaritimeDrone(tiled) 5 4/10 3/8 3/11 523 4/13 12/42 12/40 10/39 13/48 12/42
SelfDrivingCar 11 6/50 8/88 7/64 9/98 9/74 20/194  25/261 22/190  24/227  24/222
Plantdoc 30 30/123  30/142  30/123  30/137 30/158 | 86/323  86/417  87/344  87/421 86/381
BrackishUnderwater 6 6/18 5/12 4/16 5/16 522 18/42 15/41 13/38 14/36 15/42
Pistols 1 1/1 1/1 1/1 1/1 1/1 3/3 3/3 3/3 3/3 3/3
MaskWearing 2 1/20 2/3 2/24 2/5 2/11 5/48 5117 4/45 5/18 6/34
EgoHands(generic) 1 1/4 1/3 1/3 12 1/4 3/10 3/8 3/11 3/8 3/10
ChessPiecesPieces 13 3/52 5173 3/31 2/30 3/34 8/131 10/135 9/128 6/106 8/130
ThermalCheetah 2 2/6 2/7 2/5 2/6 2/4 6/17 6/16 6/17 6/17 6/14
DroneControl 8 8/10 8/10 8/10 8/12 8/10 23/27 23/27 23/27 23/29 23/27
HardHatWorkers 3 3/11 3/16 3/14 3/10 2/17 9/39 8/39 9/38 8/29 7/35
AmericanSignLanguageLetters 26 26/26 26126 26/26  26/26  26/26 78/78 78/78 78178 78178 78/78
UnoCards 15 9127 8/24 11/33 8/24 10/30 23/69 23/69 21/63 23/69 21/63
BoggleBoards 36 12/301  14/373  14/324  16/396  15/378 | 30/787  32/859  36/903  32/801 36/943
WebsiteScreenshots 8 2/91 4/166  4/129  3/110 3/98 7/327 10/356 11/446 11/569  10/385
ThermalDogsAndPeople 2 2/3 2/3 12 2/3 2/2 6/8 517 4/8 6/7 6/7
BCCD 3 2/34 1/16 3/28 2/29 2/22 4/62 4/56 6/73 578 4/56
Dice 6 5/8 4/6 6/12 3/45 5/8 14/23 13/58 14/25 13/59 12/64
OpenPoetryVision 43 24/85  26/75  21/82  28/104  23/79 | 62/208  66/212  53/182  67/229  60/202
PKLot640 2 1/40 1/100 1/100 1/28 1/100 4/280 3/240 3/168 3/228 4/268
EgoHands(specific) 4 2/6 2/6 1/4 2/7 2/6 5117 4/14 3/12 5/17 5/15

this sampling, followed by training and evaluating each method five times, and report the average
mean AP across all object classes.

We consider a K -shot setting where K = 1, 3, 5, and 10. Following previous studies, K indicates
the number of images per object class, not the number of bounding boxes. Depending on the dataset,
a single image may contain multiple object instances annotated with different bounding boxes, so the
number of bounding boxes used for training varies.

5

Table 5 and 6 provide detailed configurations. For each dataset listed in a row, the column “classes’
indicates the number of object classes. Columns from “seed=0" to “seed=4" represent individual trials
in the five random samplings, each reporting the number of images and bounding boxes, separated by
‘/,; used for training.

C More Details of Experimental Settings

This section provides the comprehensive configurations of our experiments reported in the paper.
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Table 6: Detailed configurations of the few-shot training per a dataset. The numbers separated by a
slash represent the total number of images (#Img.) and the total number of bounding boxes (#Ann.)
used for the few-shot training, respectively. Configurations for K = 5 and 10 are shown.

K =5 (#Img/#Ann) K =10 (#Img/#Ann)
Dataset Classes
seed=0  seed=1  seed=2 seed=3  seed=4 | seed=0 seed=1 seed=2 seed=3 seed=4
CottontailRabbits 1 5/5 5/5 515 5/5 515 10/10 10/11 10/10 10/10 10/11
Packages 1 59 57 517 518 517 10/18 10/16 10/16 10718 10715
Raccoon 1 5/6 5/5 515 5/5 515 10/12 10/10 10/10 10/11 10/13
NorthAmericaMushrooms 2 10/24 10/17 10/16 10/19 10/12 20/38 20/32 20/27 20/30 20/25
Pothole 1 5/15 5/31 5/10 518 5112 10/29 10/46 10/22 10/29 1026
OxfordPets(breed) 37 185/186  185/185  185/185 185/185 185/185 | 370/371  370/370 ~ 370/370  370/371 370/371
VehiclesOpenImages 5 25/49 25/63 25/44 25/48 25/45 50/91 50/119 50/97 50/81 50/85
MountainDewCommercial 1 5/126 5/144 5/149 51137 5/178 10264 10/324 10/276 10/267 10/323
PASCAL VOC 20 84/259  85/223  85/262  88/286  84/249 | 169/618  166/496  172/535 171/501 168/490
OxfordPets(species) 2 10/10 10/10 10/10 10/10 10/10 20/20 20/20 20/20 20/20 20/20
WildfireSmoke 1 5/5 5/5 55 5/5 55 10/10 10/10 10/10 10/10 10/10
Agquarium 7 31/198  32/187  29/175  32/200  29/208 | 60/353 65/421 60/497 64/359 61/408
ShellfishOpenImages 3 15/28 15/25 15/24 15/28 15/42 30/59 30/60 30/56 30/56 30/75
AerialMaritimeDrone(large) 5 10/221 15/290  11/167  10/155 11/236 | 24/402 27/486 25/394 22/297 23/424
AerialMaritimeDrone(tiled) 5 17/53 20/68 18/65 20/71 19/64 37/122 40/128 38/136 37/132 41/124
SelfDrivingCar 11 32/336  39/399  37/363  35/315  40/409 | 65/667 73/698 72/701 74/660 70/716
Plantdoc 30 139/519  140/629  141/576  139/601 139/655 | 273/981 272/1108 274/1116 274/1119 274/1124
BrackishUnderwater 6 29/70 25/64 23/60 25/59 26/84 52/145 47/135 48/116 51/148 50/137
Pistols 1 5/8 5/5 5/5 5/5 515 10/18 10/11 10710 10710 10710
MaskWearing 2 8/54 8/43 7/63 9/40 9/48 16/101 15/69 15/123 15/59 16/116
EgoHands(generic) 1 5/16 5/15 5/16 5/13 5/16 10/31 10/31 10/32 10/30 10/34
ChessPiecesPieces 13 14/194  14/230  13/235 107191 11/190 | 25/315 27/401 25/403 24/358 20/366
ThermalCheetah 2 10/25 10/32 10/32 10/30 10/28 18/50 18/48 18/50 17/49 18/48
DroneControl 8 37/42 37/41 37/41 37/43 37/42 72/78 72177 72176 71/78 72177
HardHatWorkers 3 15/75 14/67 14/59 13/47 13/71 30/156 28/157 29/140 28/144 28/155
AmericanSignLanguageLetters 26 130/130  130/130  130/130  130/130  130/130 | 260/260 ~ 260/260  260/260  260/260  260/260
UnoCards 15 38/114  36/108  35/105  36/108  34/102 | 69/207 65/195 69/207 69/207 64/192
BoggleBoards 36 49/1280 51/1383  52/1328 50/1298 57/1448 | 77/1935  80/2085  80/2003  76/1910  86/2141
WebsiteScreenshots 8 13/610  16/723  19/725 18/734  17/827 | 29/1418  31/1259  37/1565  34/1468  32/1412
ThermalDogsAndPeople 2 9/12 9/12 8/14 9/10 9/12 1726 16/23 16/25 18/22 17/23
BCCD 3 8/107 8/107 8/100 7/110 7/84 17/251 15/194 14/180 14/209 15/197
Dice 6 23/68 20/83 22/38 20/102 20/79 46/106 40/155 46/73 40/138 37/149
OpenPoetryVision 43 93/305  105/330  94/307  108/359  91/300 | 172/555  184/563 186/572  180/576  177/564
PKLot640 2 7/364 5/440 5/248 7/424 7/424 15/972  12/1008 12/684 12/804 14/800
EgoHands(specific) 4 9/30 6/20 7/23 10/33 9/28 18/61 13/45 13/43 18/59 15/48

C.1 Training
C.1.1 Object Detection Pre-training

To pre-train the models with the Object365 dataset, we utilized the AdamW optimizer [3], setting the
batch size to 64 across 8 V100 GPUs. The training duration was 30 epochs for DyHead, GLIP(A),
and Faster RCNN, while F-ViT was trained for 20 epochs. Notably, the original F-ViT training
protocol [6] employed only 3 epochs, leveraging its robust pre-training via CLIPSelf self-supervised
learning.

The initial learning rate was set at 1.0 x 10~%. The weight decay parameters were set at 0.1 for F-ViT
and 0.05 for the other models. The learning rate was reduced by a factor of 10 at 67% and 89% of
the total iterations. For data augmentation, we applied a standard random horizontal flip with a 0.5
probability and implemented multi-scale training. Input images were resized such that their shorter
side is sampled from [480,560,640,720,800].

C.1.2 Finetuning

The finetuning process retains the same training configurations as pre-training but includes several
modifications. For all finetuning datasets (i.e., ODinW), the batch size is set to 4 on 4 V100 GPUs.
We specifically increase the initial learning rate to 1.0 x 102 for DyHead with the TFA [5] approach.
In line with the GLIP [2] implementation, we adjust learning rates during finetuning, based on the
detection performance assessed on each dataset’s validation data. Specifically, we employ a Pytorch
ReduceLLROnPlateau scheduler with a patience of 3 and a factor of 0.1 to decrease the learning rate
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Table 7: Detection performance for DyHead. All methods are finetuned with Full-FT approach.

K=1 K=3 K=5 K=10

Seed 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CottontailRabbits 638 447 51.6 583 604 | 624 547 576 564 542|707 66.1 549 625 621|675 667 533 660 655
Packages 445 615 306 51.1 686 | 435 623 563 459 736|631 60.1 552 39.1 628 | 484 60.7 554 59.1 639
Raccoon 41.6 338 321 348 326 | 308 355 432 427 349|336 277 509 433 504 | 445 462 544 458 274
NorthAmericaMushrooms 777 68.0 862 660 689 | 8l5 39.6 868 854 715|842 669 893 785 721|907 69.1 847 844 858
Pothole 33 188 128 98 122|198 188 224 188 185|264 203 248 187 145|286 19.1 303 274 274
OxfordPets(breed) 147 146 168 169 119 | 33.0 336 334 332 352|454 448 466 445 453|599 622 615 598 603
VehiclesOpenImages 295 363 330 362 269|457 476 477 455 475|511 509 525 523 515|538 574 530 543 550
MountainDewCommercial 132 43 9.2 8.9 231|166 214 133 210 213|182 147 113 198 147|200 17.1 17.1 2L.1 123
PASCAL VOC 224 244 234 210 213|380 384 40.8 383 398 |41.6 439 444 390 412 | 46.1 455 482 454 464
OxfordPets(species) 194 168 339 110 263|394 503 485 50.7 450 | 523 496 470 586 578 | 637 522 585 629 578
WildfireSmoke 0.1 0.6 33 35 0.0 86 197 215 161 89 | 214 146 1.8 9.1 1.1 18.1 230 294 262 225
Aquarium 210 175 149 183 134 | 313 228 236 28.0 316 | 376 263 285 368 351|403 392 432 422 404
ShellfishOpenImages 59 6.6 9.9 6.9 112|172 136 131 163 167 | 257 234 21.1 266 183|278 333 255 328 260

AerialMaritimeDrone(large) 134 160 130 166 175|229 248 259 169 238 | 217 28.0 303 226 214|263 283 318 303 307
AerialMaritimeDrone(tiled) 64 148 104 183 17.1 | 237 241 295 223 238 | 248 319 269 261 259|266 352 341 308 29.1

SelfDrivingCar 9.6 86 116 9.1 104 | 126 137 146 154 154 | 150 165 172 187 198 | 19.8 203 209 216 214
Plantdoc 6.0 52 114 82 107 | 192 149 202 163 21.7 | 209 204 237 204 257|305 263 319 286 273
BrackishUnderwater 8.0 4.1 83 8.1 147 | 160 181 151 21.7 21.6 | 252 23.8 207 289 294|329 292 306 329 356
Pistols 235 244 293 97 03 | 332 279 427 324 339|188 203 326 295 39.1 | 158 267 393 314 435
MaskWearing 208 13.1 321 298 275 | 39.1 346 406 514 47.1 | 439 452 442 420 429 | 434 429 520 480 55.1
EgoHands(generic) 393 426 268 448 459|530 436 510 550 539 | 476 598 436 526 576|621 625 608 627 62.3
ChessPiecesPieces 615 745 593 536 536|741 720 744 745 752|738 757 753 776 710|780 785 77.1 714 785
ThermalCheetah 314 352 262 379 329|482 594 520 513 539|573 577 455 552 453 | 549 429 524 524 550
DroneControl 282 267 269 254 305|302 362 408 405 388 | 41.8 405 427 456 453|531 51.6 51.8 480 545
HardHatWorkers 364 346 268 204 189 | 385 378 365 353 37. | 381 391 387 377 389|391 408 409 392 405
AmericanSignLanguageLetters || 38.7 27.7 364 383 322|646 516 497 560 553|631 579 621 591 681 | 685 666 680 692 705
UnoCards 433 340 418 315 358 | 693 68.6 617 676 602|754 756 752 768 747 |8l4 812 798 798 80.7
BoggleBoards 457 514 438 497 490 | 67.7 68.0 635 636 637|709 70.1 687 684 703|739 730 709 709 725
WebsiteScreenshots 52 106 6.7 42 58 | 102 105 99 7.8 131 | 121 116 126 73 136 | 145 131 143 103 157
ThermalDogsAndPeople 21.0 369 297 346 258 | 63.6 524 623 559 492|593 560 655 569 546|571 671 697 56.1 604
BCCD 515 141 440 516 373|521 534 509 537 513|555 573 526 545 535|595 546 529 561 564

Dice 4.0 6.3 78 169 39 9.1 144 130 233 190 | 252 175 142 27.6 253 | 307 312 189 423 226
OpenPoetryVision 29 2.9 3.8 33 3.1 7.9 8.9 9.7 9.5 82 | 1.7 13.1 152 149 128 | 162 272 265 275 293
PKLot640 94 151 157 5.1 154 | 380 423 410 379 419|453 254 299 288 448 | 584 317 594 552 530
EgoHands(specific) 137 152 175 137 200 | 285 330 249 269 316 | 345 21.1 30.1 347 374|424 251 406 329 446

when no improvement is observed in the validation dataset. Furthermore, we terminate the fine-tuning
process if there is no improvement in validation for 8 consecutive epochs.

D More Experimental Results

This section reports all the detection performance results for reference, including those omitted in the
main paper due to space constraints.

D.1 Results of Full-FT

Table 7 through 11 show all fintuning results across different number of few-shot samples (K =
[1,3,5,10]) and different random seeds (seed= [0, 1, 2, 3, 4]) for the compared methods, including
DyHead, GLIP(A), GLIP, Faster RCNN, and F-ViT, respectively. Each model is finetuned using
Full-FT approach.

D.2 Results of Finetuning Approaches

In Sec. 4.3.2, we evalute TFA (Two-stage Fine-tuning Approach) [5] and FSCE (Few-Shot object
detection via Contrastive proposals Encoding) [4] as finetuning approaches. Table 12 to 15 show
the results of TFA with four main compared methods (DyHead, GLIP(A), Faster RCNN, and F-ViT,
sequentially). Additionally, Table 16 and 17 show the results of FSCE. These fine-tuning approaches
are evaluated only in the K = 3 setting.

D.3 Results of Different Pre-training Data

Table 18 presents all results associated with the experiments on pre-training data in Sec 4.3.3 in the
main paper.



Table 8: Detection performance for GLIP(A). All methods are finetuned with Full-FT approach.

K=1 K=3 K=5 K=10

Seed 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CottontailRabbits 650 614 660 533 67.0 | 655 622 620 651 69.1 | 626 664 64.1 670 | 63.6 708 577 679 685
Packages 586 428 569 612 752|579 626 703 63.0 756 |59.1 722 620 702 | 643 569 743 456 543
Raccoon 455 530 559 58.0 504|565 553 554 543 484 |59.6 552 55.1 53.6 | 440 587 543 591 558
NorthAmericaMushrooms 748 565 704 700 62.1 | 799 66.1 724 849 712|854 682 844 659 | 863 707 794 844 680
Pothole 103 82 66 192 19.1 | 237 180 159 233 169 | 272 243 255 255|323 322 329 328 308
OxfordPets(breed) 1.8 133 100 125 120 | 303 313 327 299 299 | 437 438 426 450 | 604 562 627 572 609
VehiclesOpenlmages 522 536 512 543 405 | 555 571 577 509 508 | 579 592 518 569 | 582 593 594 591 575
MountainDewCommercial 218 185 209 200 259 | 188 198 183 23.1 244 | 233 245 251 203|282 220 340 279 279
PASCAL VOC 43.0 452 448 482 470 | 497 482 503 490 49.1 | 503 494 519 491|522 521 522 530 529
OxfordPets(species) 373 338 385 225 369 | 458 547 466 499 463 | 575 590 60.0 59.1 | 659 615 638 633 63.7
WildfireSmoke 19 06 43 179 9.1 64 288 162 237 294|169 311 277 275|274 282 363 355 363
Aquarium 275 242 232 242 270 | 364 292 296 283 342 | 415 349 372 398 | 457 423 434 441 428
ShellfishOpenImages 235 157 129 174 21.8 | 222 164 20.1 230 226 | 303 225 219 265|265 263 262 313 308

AerialMaritimeDrone(large) 153 221 154 161 17.7 | 254 224 220 219 207 | 250 242
AerialMaritimeDrone(tiled) 188 202 181 233 188 | 245 30.1 31.6 30.7 256|270 343

SelfDrivingCar 1.5 123 135 115 114 | 129 158 152 158 156 | 157 172 192 182|202 236 219 200 222
Plantdoc 87 40 99 76 94 | 159 124 198 154 17.1 | 198 187 195 169 | 28.1 29.6 29.0 309 318
BrackishUnderwater 104 72 124 101 157 | 214 234 182 21.7 222|256 262 314 323 | 341 312 330 335 364
Pistols 439 362 451 342 309 | 476 444 501 475 493 | 529 37.1 527 463 | 541 497 485 510 466
MaskWearing 262 229 334 331 312|458 323 495 378 427 | 558 476 464 546 | 563 443 555 50.1 556
EgoHands(generic) 565 569 398 539 57.0 | 598 579 585 59.8 622 | 609 632 599 622 | 646 633 615 648 663
ChessPiecesPieces 704 760 650 674 622|758 758 741 758 719 | 742 752 764 773|712 712 758 766 713
ThermalCheetah 464 453 450 391 293|593 628 535 586 505|527 605 61.5 540|598 59.1 636 665 633
DroneControl 266 278 231 263 264 | 351 367 402 429 388 | 441 413 450 429|519 503 524 488 546
HardHatWorkers 37.4 353 315 222 194 | 383 39.6 389 375 382|381 404 383 384 | 400 41.6 420 407 397
AmericanSignLanguageLetters || 252 189 20.1 238 20.8 | 555 43.0 536 455 509 |56.0 597 609 575|695 662 648 717 622
UnoCards 402 308 39.0 319 286|630 571 632 610 555|724 720 730 739 | 815 812 800 786 802
BoggleBoards 429 483 309 556 427|631 670 657 666 631|713 715 703 650 | 709 718 721 728 732
‘WebsiteScreenshots 60 99 82 55 51 |108 99 108 81 112 | 1L1 108 95 118 | 13.8 131 13.0 114 140
ThermalDogsAndPeople 56.0 539 446 639 558 | 605 683 672 674 60.6 | 651 59.7 644 616 | 706 662 751 736 772
BCCD 512 427 388 513 394 | 572 518 546 540 559 | 587 573 573 524 | 595 585 555 568 581

Dice 34 83 65 131 43 | 73 137 156 188 128 | 229 211 216 169 | 30.1 224 210 301 232
OpenPoetryVision 1.8 28 34 31 22 58 8.1 5.1 72 56 | 98 114 11.8  13.0 | 207 245 236 243 229
PKLot640 119 272 260 113 268 | 413 446 395 412 399 | 439 495 485 403 | 603 545 595 599 555
EgoHands(specific) 11.8 197 174 121 18.6 | 263 344 228 240 285 | 322 356 30.2 401 | 367 403 334 407 423

Table 9: Detection performance for GLIP. All methods are finetuned with Full-FT approach

K=1 K=3 K=10

Seed 0 1 2 3 4 0 1 2 3 4 3 4 0 1 2 3 4
CottontailRabbits 69.0 69.0 70.1 69.0 706 | 66.7 630 69.0 710 70.0 719 708 | 722 737 69.0 715 69.0
Packages 640 609 605 639 752|677 654 696 675 762 659 723 | 742 640 747 727 693
Raccoon 592 536 565 595 540 | 569 600 568 620 52.6 550 593|581 632 620 566 676
NorthAmericaMushrooms 763 604 384 656 599 | 845 730 877 641 754 857 682 | 8.1 728 881 836 837
Pothole 259 319 233 295 253|345 345 325 323 289 333 335|427 368 417 342 426
OxfordPets(breed) 1.1 137 79 134 118 | 264 296 214 286 239 405 378 | 568 609 583 60.1 56.0
VehiclesOpenlmages 618 604 603 600 57.1|605 615 581 627 61.0 597 664 | 635 660 649 647 669
MountainDewCommercial 315 259 263 291 276 | 215 209 266 201 287 262 267|261 281 308 286 257
PASCAL VOC 540 553 575 565 580 | 580 556 593 574 565 57.0 574 | 594 593 584 598 598
OxfordPets(species) 352 413 630 285 576 | 643 697 649 660 66.5 682 706 | 71.8 705 721 69.0 73.7
WildfireSmoke 199 187 271 166 154|259 327 31.6 288 345 349 396 | 346 372 426 397 405
Aquarium 327 313 265 282 331|385 364 311 373 386 415 417 | 471 450 443 467 428
ShellfishOpenImages 272 194 250 235 224|282 254 222 417 213 317 284 | 353 374 303 369 342
AerialMaritimeDrone(large) 183 214 143 188 197 | 248 232 256 195 224 255 247|288 253 274 280 276
AerialMaritimeDrone(tiled) 198 209 186 235 233|227 297 270 285 314 335 264|302 368 323 333 281
SelfDrivingCar 1.7 135 135 123 129 | 144 158 165 174 167 19.1 206 | 208 205 220 209 223
Plantdoc 75 54 86 79 111|180 153 165 168 177 195 206 | 242 277 28.0 274 236
BrackishUnderwater 72 54 158 128 173 | 242 256 183 261 267 32.0 31.1 | 343 335 391 351 392
Pistols 567 499 598 513 534 | 557 499 580 567 57.0 608 544 | 615 595 613 598 59.7
MaskWearing 318 306 39.0 305 373|540 397 477 488 459 473 454 | 494 490 567 537 539
EgoHands(generic) 663 673 639 627 615|669 657 672 670 659 648 673 | 672 692 673 67.1 694
ChessPiecesPieces 654 763 600 626 600 760 731 750 77.1 763 787 787 | 78.6 802 798 803 812
ThermalCheetah 524 620 499 543 502 | 577 558 630 594 50.0 664 597 | 633 582 563 670 551
DroneControl 21.6 283 222 226 244|356 337 360 400 39.6 463 407 | 51.1 50.1 541 495 547
HardHatWorkers 37.0 339 348 323 349 | 397 404 402 368 394 410 402 | 40.6 413 427 415 410
AmericanSignLanguageLetters || 13.2 137 9.2 118 127 | 347 229 240 350 30.6 458 387 | 63.6 468 592 67.1 485
UnoCards 170 21,5 251 173 204 | 427 424 412 399 323 571 535|763 727 734 758 730
BoggleBoards 407 359 326 453 413 | 531 549 595 596 559 650 593|713 69.6 725 668 70.6
WebsiteScreenshots 52 104 55 59 44 |90 109 98 79 107 79 108 | 13.1 115 124 108 127
ThermalDogsAndPeople 587 478 548 574 67.6 | 589 711 672 650 65.1 69.5 746 | 778 793 746 744 717
BCCD 492 308 484 507 448 | 549 51.1 531 532 547 551 523|590 570 570 566 572
Dice 5.1 83 65 142 51 77 137 133 184 147 225 239|269 280 171 299 249
OpenPoetryVision 23 20 28 1.8 26 | 33 35 38 38 34 43 42 | 87 79 76 88 9.1
PKLot640 124 203 250 89 234|416 466 386 39.1 421 498 413|576 535 584 566 556
EgoHands(specific) 227 267 258 276 238|373 316 238 334 306 397 417 | 465 457 405 397 457




Table 10: Detection performance for Faster RCNN. All methods are finetuned with Full-FT approach.

K=1 K=3 K=5 K=10

Seed 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CottontailRabbits 440 165 419 364 484 | 569 419 570 451 493 | 547 593 433 552 548 | 627 385 470 391 532
Packages 1.1 599 404 440 643 | 466 606 663 557 653|360 677 456 495 552|621 703 481 631 676
Raccoon 302 205 175 513 262 | 318 386 7.0 452 30.6 | 474 385 139 40.6 307 | 333 47.6 355 446 354
NorthAmericaMushrooms 56.6 355 286 415 693|703 615 863 837 705|768 628 8l.1 845 665|905 66.1 81.5 80.1 744
Pothole 38 150 35 63 105|197 181 127 273 83 | 223 217 201 273 138|269 217 267 330 260
OxfordPets(breed) 103 135 142 134 113|356 376 357 332 363|475 501 474 457 484|603 620 602 60.0 608
VehiclesOpenlmages 220 311 238 278 190 | 422 435 287 37.1 367 | 462 445 407 513 494 | 503 509 504 514 478
MountainDewCommercial 73 79 52 84 205|169 214 134 266 172|214 218 179 249 211 | 246 218 286 220 325
PASCAL VOC 113 190 190 135 158 | 30.7 31.7 33.6 322 334|351 364 380 373 355|402 42.1 408 427 400
OxfordPets(species) 167 92 211 60 194|305 287 339 389 425|415 481 419 51.0 492 | 539 425 539 526 530
WildfireSmoke 06 02 32 159 26 | 53 180 234 199 262 | 113 157 240 200 179 | 98 236 324 335 273
Aquarium 205 164 139 101 115 | 288 204 224 217 28.6 | 350 247 294 302 358 | 406 385 412 366 354
ShellfishOpenImages 45 48 28 32 38 63 57 94 145 89 |120 1L1 131 182 13.1 | 204 217 175 21.8 169

AerialMaritimeDrone(large) 100 129 125 188 129 | 195 235 21.6 21.7 240|249 207 292 271 279|274 256 315 288 272
AerialMaritimeDrone(tiled) 77 171 79 98 175|203 290 313 160 265|265 290 316 293 298 | 312 350 354 284 367

SelfDrivingCar 83 89 105 91 103|133 134 143 139 159 | 172 158 184 196 21.0 | 170 237 210 22.1 246
Plantdoc 37 44 100 90 73 | 169 119 175 150 13.6 | 214 170 212 185 194 | 287 226 295 307 255
BrackishUnderwater 58 45 71 40 121 | 168 200 112 189 147 | 21.8 221 165 249 268 | 287 287 320 299 298
Pistols 182 189 208 48 06 | 260 21.8 288 272 336|412 276 383 324 323|396 264 402 355 447
MaskWearing 344 116 393 224 181 | 372 232 417 391 444|436 505 413 385 408 | 439 384 459 467 418
EgoHands(generic) 29.7 405 334 374 469 | 503 497 487 49.1 532 | 483 523 540 514 560 | 573 60.5 549 548 594
ChessPiecesPieces 576 699 513 507 470 (722 717 718 729 753|755 745 745 757 769 | 769 756 781 739 783
ThermalCheetah 349 427 190 302 267 | 550 523 549 571 445|615 580 505 553 580 | 584 502 502 581 515
DroneControl 262 229 263 240 224|299 335 386 41.1 360 | 394 402 444 436 385|527 51.0 514 477 508
HardHatWorkers 303 277 192 151 17.1 | 363 356 322 315 353|359 375 376 349 368 | 382 392 40.1 382 382
AmericanSignLanguageLetters || 31.2  22.1 323 29.0 204 | 577 449 559 552 589|614 591 619 584 602 69.0 704 69.1 715 626
UnoCards 36.1 283 361 287 280 | 697 657 663 628 607|758 747 751 758 741|809 795 803 789 80.6
BoggleBoards 445 528 373 572 478 | 632 672 676 654 641|700 679 687 697 673|718 TLI 695 724 724
‘WebsiteScreenshots 62 95 65 62 43 |101 97 111 76 108 | 132 111 128 98 138 | 149 131 142 125 158
ThermalDogsAndPeople 250 359 127 238 262|570 548 615 481 494 | 472 555 688 58.0 51.0 | 724 579 648 707 689
BCCD 528 284 451 49.6 384 | 542 490 478 515 533 | 561 550 488 549 516|589 552 546 572 558

Dice 40 47 73 140 37 | 128 120 13.1 204 219|264 223 154 300 295|391 361 262 474 308
OpenPoetryVision 28 22 37 38 30 |83 73 82 100 93 | 155 121 156 151 17.1 | 273 276 302 302 247
PKLot640 1.1 239 189 73 210 | 403 41.1 386 351 360|462 431 402 475 339|548 359 443 517 531
EgoHands(specific) 79 151 142 120 115|213 238 189 182 253|272 278 226 248 304 | 318 289 294 302 292

Table 11: Detection performance for F-ViT. All methods are finetuned with Full-FT approach.

K=1 K=3 K=5 K=10

Seed 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CottontailRabbits 672 684 663 688 647 | 658 670 646 647 705 | 677 679 728 70.1 688 | 664 746 647 694 643
Packages 67.0 60.6 583 480 672|597 570 676 534 682|654 631 599 639 620|686 702 709 634 686
Raccoon 549 615 625 578 57.6 | 490 558 575 468 594 | 498 563 580 49.6 569 | 40.1 537 53.6 547 589
NorthAmericaMushrooms 675 476 641 654 644 | 819 747 814 679 614 | 774 674 852 836 666 | 848 693 769 851 818
Pothole 106 84 128 133 20.0 | 196 163 19.1 236 193|267 157 277 268 268 | 259 287 31.1 305 277
OxfordPets(breed) 494 512 535 518 478 | 669 68.1 678 663 647 | 71.0 693 705 70.1 705 | 703 732 747 748 730
VehiclesOpenlmages 438 472 434 491 427 | 474 476 51.0 459 392 | 485 443 491 533 441 | 538 479 485 502 449
MountainDewCommercial 1.5 26 69 79 139|111 160 48 162 152|139 186 47 144 153|162 149 137 155 185
PASCAL VOC 474  47.1 469 468 48.1 | 483 47.6 484 487 486 | 474 478 471 480 485|479 467 486 481 492
OxfordPets(species) 457 509 568 613 573|650 685 655 695 693|697 695 692 684 722|740 721 718 719 734
WildfireSmoke 44 103 37 199 82 62 242 225 228 329|266 254 284 232 288|255 313 313 315 309
Aquarium 323 271 267 249 274 | 361 292 317 342 328 | 372 340 344 357 375|423 300 361 389 375
ShellfishOpenImages 215 269 223 169 334|332 287 251 272 352|292 333 301 340 327|328 39.1 345 353 385

AerialMaritimeDrone(large) 149 122 127 139 158 | 17.7 159 198 183 213 | 185 167 164 213 223 | 185 202 208 203 238
AerialMaritimeDrone(tiled) 197 215 213 220 215|254 287 288 301 237|276 312 269 325 264|296 321 296 300 272

SelfDrivingCar 120 98 109 97 99 | 124 130 116 119 112|139 141 11.1 121 118 | 124 142 133 131 126
Plantdoc 141 136 165 140 161 | 214 267 217 245 209 (230 237 253 238 243|288 280 289 243 282
BrackishUnderwater 8.1 86 104 88 120|175 202 129 203 20.1 | 17.1 195 192 234 238|272 250 225 257 260
Pistols 294 279 294 293 269 | 345 341 355 29.1 292|407 378 31.0 398 379 | 424 404 390 349 405
MaskWearing 277 211 319 294 259 | 288 449 346 41.8 418 | 349 435 453 479 385 | 396 381 397 487 351
EgoHands(generic) 533 538 470 53.1 49.1 | 573 581 538 579 548 | 589 589 59.0 58.6 561 | 620 609 61.7 616 612
ChessPiecesPieces 592 704 532 507 508 | 712 705 69.6 720 69.6 | 725 704 738 724 718 | 724 722 747 713 754
ThermalCheetah 30.1 294 351 451 370 | 51.8 462 419 524 440 | 469 457 39.1 475 448 | 470 455 348 468 421
DroneControl 27.6 302 280 276 299 | 318 340 360 375 38.1 | 429 41.8 442 419 442 | 490 43.6 502 414 512
HardHatWorkers 31,1 286 350 359 364|356 359 363 369 351|373 376 369 362 378|381 377 377 384 378
AmericanSignLanguageLetters || 37.8 27.6 292 327 30.6 | 525 402 492 551 545 | 60.1 533 559 59.0 592 | 640 493 642 697 638
UnoCards 363 308 420 355 315|554 469 546 556 517|593 605 666 641 67.1 | 653 687 67.7 727 742
BoggleBoards 473 465 542 488 492 | 587 59.6 60.6 579 582|532 570 61.0 611 562|586 595 625 607 60.0
WebsiteScreenshots 33 71 36 33 30| 60 73 65 48 85|65 78 89 60 101| 88 84 92 77 95
ThermalDogsAndPeople 527 549 540 495 588 | 632 630 565 603 61.8 | 582 646 612 584 640 | 670 62.1 604 604 63.1
BCCD 428 354 405 418 398 | 521 449 500 474 515|502 494 497 476 514|536 514 547 517 506

Dice 56 92 103 110 63 | 123 120 116 162 154 | 137 218 234 215 168 | 176 173 298 162 24.1
OpenPoetryVision 23 21 06 21 00 | 60 29 34 1.7 27 83 6.1 53 65 46 | 122 55 73 156 122
PKLot640 94 194 170 58 136|291 336 331 325 305|364 395 367 373 323|479 376 383 452 416
EgoHands(specific) 173 237 160 231 245|274 255 245 238 312|315 243 258 280 308|307 295 295 293 308




Table 12: Detection performance for DyHead

Table 13: Detection performance for GLIP(A)

with TFA. with TFA.

Seed 0 1 2 3 4 Seed 0 1 2 3 4
CottontailRabbits 60.6 61.8 578 523 624 CottontailRabbits 61.1 60.1 602 599 60.1
Packages 519 654 702 618 75.6 Packages 540 623 643 603 66.6
Raccoon 58.6 575 508 562 57.6 Raccoon 58.6 59.6 499 565 59.1
NorthAmericaMushrooms 702 725 728 76.1 70.7 NorthAmericaMushrooms 582 59.6 647 59.1 603
Pothole 1.1 53 52 98 34 Pothole 63 28 67 114 71
OxfordPets(breed) 6.2 6.2 6.9 5.5 6.5 OxfordPets(breed) 39 4.1 39 3.0 3.8
VehiclesOpenlmages 548 577 59.7 558 527 VehiclesOpenlmages 553 534 554 542 546
MountainDewCommercial 152 11.7 153 150 225 MountainDewCommercial 164 165 177 183 18.0
PASCAL VOC 556 557 565 57.1 564 PASCAL VOC 54.1 525 529 548 537
OxfordPets(species) 184 187 154 16.1 145 OxfordPets(species) 174 198 125 166 148
WildfireSmoke 1.7 00 07 00 05 WildfireSmoke 31 0.1 01 01 0.0
Aquarium 307 242 23.0 253 275 Aquarium 279 219 164 20.1 247
ShellfishOpenlmages 21.1 111 121 150 122 ShellfishOpenlmages 163 16.1 168 158 164
AerialMaritimeDrone(large) 129 151 134 89 162 AerialMaritimeDrone(large) 13.8 147 140 10.7 14.6
AerialMaritimeDrone(tiled) 245 241 257 216 194 AerialMaritimeDrone(tiled) 18.6 21.7 180 199 188
SelfDrivingCar 120 126 128 125 127 SelfDrivingCar 1.5 11.7 121 11.8 11.7
Plantdoc 48 53 76 54 74 Plantdoc 37 40 36 36 41
BrackishUnderwater 62 118 7.1 9.3 11.6 BrackishUnderwater 7.1 74 56 718 8.3
Pistols 353 23.6 40.0 337 405 Pistols 33.6 345 358 345 340
MaskWearing 204 188 18.6 223 249 MaskWearing 96 96 71 73 95
EgoHands(generic) 273 227 260 275 262 EgoHands(generic) 263 229 260 244 275
ChessPiecesPieces 61.1 602 619 612 627 ChessPiecesPieces 319 438 420 420 447
ThermalCheetah 31.8 255 292 31.1 265 ThermalCheetah 31.0 339 30.1 28.0 287
DroneControl 256 21.6 287 285 273 DroneControl 169 200 196 192 188
HardHatWorkers 256 244 262 210 164 HardHatWorkers 190 166 164 156 132
AmericanSignLanguageLetters || 23.1 155 140 17.3 145 AmericanSignLanguageLetters || 13.7 11.4 129 13.0 9.0
UnoCards 127 121 105 13.6 129 UnoCards 77 53 41 79 63
BoggleBoards 1.5 12 1.7 1.3 13 BoggleBoards 1.0 1.0 1.0 09 09
WebsiteScreenshots 1.4 2.1 1.7 1.7 2.0 WebsiteScreenshots L5 2.1 1.8 2.0 1.8
ThermalDogsAndPeople 604 639 577 587 534 ThermalDogsAndPeople 475 518 459 454 479
BCCD 36.1 33.8 29.0 310 305 BCCD 9.8 129 157 124 9.1

Dice 43 44 59 64 50 Dice 32 49 48 33 43
OpenPoetryVision 00 00 00 00 0.0 OpenPoetryVision 00 00 00 00 0.0
PKLot640 86 92 11.8 105 142 PKLot640 06 07 125 0.7 126
EgoHands(specific) 13.0 13.1 142 142 149 EgoHands(specific) 10.1 104 12.1 121 94

Table 14: Detection performance for Faster

Table 15: Detection performance for F-ViT with

RCNN with TFA. TFA.

Seed 0 1 2 3 4 Seed 0 1 2 3 4
CottontailRabbits 55.8 389 372 365 462 CottontailRabbits 429 416 512 495 508
Packages 440 595 638 580 672 Packages 487 512 538 487 512
Raccoon 504 546 544 466 54.1 Raccoon 56.1 543 583 555 573
NorthAmericaMushrooms 58.0 56.1 544 505 60.8 NorthAmericaMushrooms 217 156 150 242 192
Pothole 1.7 49 14 60 36 Pothole 02 00 00 00 0.1
OxfordPets(breed) 79 7.7 7.6 6.7 8.6 OxfordPets(breed) 2.7 2.5 2.6 2.6 2.6
VehiclesOpenlmages 478 513 490 517 498 VehiclesOpenlmages 31.1 356 335 346 320
MountainDewCommercial 96 117 77 128 17.0 MountainDewCommercial 1.7 39 20 42 1.5
PASCAL VOC 46.6 482 47.1 482 475 PASCAL VOC 482 482 488 487 485
OxfordPets(species) 18.6 0.0 0.0 0.0 0.0 OxfordPets(species) 2.0 2.0 1.9 1.7 2.7
WildfireSmoke 00 00 00 00 0.0 WildfireSmoke 08 07 05 08 07
Aquarium 28.0 232 21.6 239 273 Aquarium 179 212 197 214 207
ShellfishOpenlmages 148 6.1 8.6 135 122 ShellfishOpenlmages 234 233 243 232 228
AerialMaritimeDrone(large) 128 150 8.8 7.1 8.8 AerialMaritimeDrone(large) 114 101 115 119 120
AerialMaritimeDrone(tiled) 16.8 20.6 165 229 19.2 AerialMaritimeDrone(tiled) 16.7 149 152 157 162
SelfDrivingCar 114 115 129 117 121 SelfDrivingCar 81 79 80 8.1 8.1
Plantdoc 94 56 90 67 58 Plantdoc 14 1.3 14 16 14
BrackishUnderwater 11.1 119 101 96 104 BrackishUnderwater 36 37 38 38 38
Pistols 216 196 263 212 259 Pistols 172 167 19.1 193 204
MaskWearing 234 217 223 243 247 MaskWearing 02 02 01 02 02
EgoHands(generic) 28.1 237 11.5 234 242 EgoHands(generic) 4.0 4.7 4.5 5.0 4.7
ChessPiecesPieces 632 61.6 625 638 64.1 ChessPiecesPieces 2.1 23 22 1.7 23
ThermalCheetah 369 384 312 392 350 ThermalCheetah 106 96 95 75 82
DroneControl 302 234 223 277 235 DroneControl 7.3 7.3 7.3 7.3 72
HardHatWorkers 244 227 236 222 221 HardHatWorkers 2.1 2.1 20 20 2.0
AmericanSignLanguageLetters || 20.9 154 16.6 222 16.6 AmericanSignLanguageLetters 13 2.0 14 20 22
UnoCards 16.7 152 155 13.6 152 UnoCards 00 00 00 00 0.0
BoggleBoards 9.1 50 59 6l 6.9 BoggleBoards 00 00 00 00 00
WebsiteScreenshots 1.9 1.5 21 22 23 WebsiteScreenshots 0.1 0.1 0.1 0.1 0.1
ThermalDogsAndPeople 494 554 504 543 522 ThermalDogsAndPeople 405 41.6 426 41.1 415
BCCD 338 89 254 192 290 BCCD 49 55 35 37 51

Dice 4.1 57 57 46 19 Dice 0.1 0.1 02 02 0.1
OpenPoetry Vision 00 00 00 00 00 OpenPoetry Vision 00 00 00 00 00
PKLot640 102 108 113 81 121 PKLot640 24 24 25 25 26
EgoHands(specific) 11.2 131 112 137 139 EgoHands(specific) 22 24 25 2.1 2.4




Table 16: Detection performance for Faster

Table 17: Detection performance for F-ViT with

RCNN with FSCE. FSCE.

Seed 0 1 2 3 4 Seed 0 1 2 3 4
CottontailRabbits 452 615 628 56.1 589 CottontailRabbits 558 592 56.6 485 583
Packages 56.7 61.0 663 546 623 Packages 60.0 558 643 488 584
Raccoon 535 50.8 435 481 56.0 Raccoon 499 58.1 567 541 599
NorthAmericaMushrooms 735 586 692 842 59.2 NorthAmericaMushrooms 76.5 602 70.7 54.0 67.7
Pothole 27 101 36 133 4.1 Pothole 11.1 227 236 196 208
OxfordPets(breed) 28.8 33.6 268 246 30.6 OxfordPets(breed) 654 68.1 623 673 628
VehiclesOpenlmages 464 49.0 443 465 4006 VehiclesOpenlmages 463 416 468 460 452
MountainDewCommercial 179 205 157 154 269 MountainDewCommercial 105 16.1 110 146 8.7
PASCAL VOC 41.1 438 429 436 385 PASCAL VOC 452 447 448 452 441
OxfordPets(species) 31.1 309 329 366 367 OxfordPets(species) 61.0 66.0 636 668 69.6
WildfireSmoke 38 1.8 39 36 09 WildfireSmoke 9.1 155 21.7 193 1638
Aquarium 304 234 198 229 299 Aquarium 352 298 307 313 357
ShellfishOpenlmages 148 44 65 121 92 ShellfishOpenlmages 312 267 240 247 31.1
AerialMaritimeDrone(large) 17.1 21.0 187 17.6 21.0 AerialMaritimeDrone(large) 205 153 163 19.1 175
AerialMaritimeDrone(tiled) 204 216 235 260 20.6 AerialMaritimeDrone(tiled) 22.1 277 279 295 270
SelfDrivingCar 13.8 142 158 48 172 SelfDrivingCar 11.7 129 120 114 113
Plantdoc 147 7.1 161 100 9.6 Plantdoc 207 226 174 234 184
BrackishUnderwater 153 212 120 192 178 BrackishUnderwater 16.8 174 124 184 202
Pistols 20.0 16.1 294 275 334 Pistols 298 266 254 30.6 308
MaskWearing 357 297 304 341 378 MaskWearing 352 39.1 365 437 36.1
EgoHands(generic) 413 432 418 450 427 EgoHands(generic) 548 549 539 579 551
ChessPiecesPieces 713 715 55 711 744 ChessPiecesPieces 68.6 68.6 674 70.6 69.2
ThermalCheetah 512 561 477 529 460 ThermalCheetah 452 445 351 422 410
DroneControl 33.8 293 343 376 312 DroneControl 326 332 343 379 343
HardHatWorkers 37.6 369 37.6 36.6 364 HardHatWorkers 363 351 36.8 36.7 355
AmericanSignLanguageLetters || 37.4 31.7 36.0 412 39.0 AmericanSignLanguageLetters || 53.8 437 493 545 492
UnoCards 522 51.1 459 511 442 UnoCards 577 565 499 552 548
BoggleBoards 510 13 355 545 352 BoggleBoards 540 626 599 585 576
WebsiteScreenshots 64 58 78 48 15 WebsiteScreenshots 59 66 63 46 170
ThermalDogsAndPeople 50.1 593 599 594 521 ThermalDogsAndPeople 56.0 65.1 594 548 496
BCCD 4377 456 438 469 474 BCCD 49.8 458 459 459 472
Dice 103 138 137 177 168 Dice 123 89 98 140 103
OpenPoetryVision 22 1.3 1.6 22 26 OpenPoetryVision 39 32 21 32 47
PKLot640 329 354 292 335 297 PKLot640 269 277 314 253 274
EgoHands(specific) 198 21.1 205 212 212 EgoHands(specific) 292 227 230 23.6 284




Table 18: All results for combined datasets with COCO and 0365, used in Sec. 4.3.3 in the main
paper. All methods are trained with K = 3 setting.

#Images 2K (1%) 20K (10%) 0.10M (50%) 0.20M (100%)
Seed 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

CottontailRabbits 51.8 373 549 537 464 | 585 383 529 525 487 | 654 446 550 63.1 605|649 570 60.7 614 679
Packages 389 313 607 331 67.0 | 425 53.1 477 574 692 | 475 600 743 438 697 | 41.5 637 509 457 563
Raccoon 275 355 29.6 375 292 | 351 438 434 326 364 | 423 404 499 488 368 | 486 492 518 506 345
NorthAmericaMushrooms 826 61.7 828 807 665 | 8.1 674 815 821 689 | 786 632 850 859 705|814 624 857 845 64.0
Pothole 113 93 125 131 88 | 136 11.0 143 108 87 | 231 139 209 202 180|224 132 173 169 174
OxfordPets(breed) 249 276 269 283 276|296 315 282 281 297|294 322 352 367 343|355 355 331 342 327
VehiclesOpenImages 27.1 292 256 288 259|407 436 372 38.1 400 | 440 494 464 476 434|452 532 480 488 46.1
MountainDewCommercial 93 173 107 174 147 | 11.6 227 67 183 193 | 125 209 39 192 170 | 65 11.6 157 203 189
PASCAL VOC 128 150 145 152 140 | 258 27.6 281 275 23.6 | 363 400 367 387 373|383 408 425 395 411
OxfordPets(species) 31.0 366 358 357 455|464 444 457 467 553 | 514 533 516 505 614|517 596 500 571 62.6
WildfireSmoke 4.4 59 5.0 9.3 8.0 4.6 50 105 190 140 | 69 178 130 161 179 | 74 113 238 21.1 196
Aquarium 200 137 125 145 223|256 175 173 181 259 | 293 203 2.1 243 277|302 21.6 235 239 269
ShellfishOpenImages 4.4 59 6.6 70 70 | 122 7.0 142 129 116 | 199 140 134 163 17.8 | 229 147 183 197 160
AerialMaritimeDrone(large) 156 120 182 133 162|203 176 262 133 198 | 20.1 19.1 255 147 223|167 192 270 170 228
AerialMaritimeDrone(tiled) 187 179 202 133 166 | 166 244 248 159 220|226 207 295 227 236|223 238 253 20.1 236
SelfDrivingCar 86 104 115 127 122|106 119 141 137 145|124 133 148 156 159 | 125 143 149 163 170
Plantdoc 140 95 155 137 149 | 152 134 182 119 157 | 180 169 199 163 21.6 | 208 158 209 13.6 208
BrackishUnderwater 158 188 121 168 17.1 | 124 17.1 129 199 17,6 | 174 19.1 161 222 184 | 172 197 159 237 215
Pistols 289 21.1 302 252 221|267 254 344 189 253|381 290 345 342 398|360 279 325 350 400
MaskWearing 303 283 342 237 287|253 386 290 303 33.1 |422 427 407 333 312|405 385 508 379 436
EgoHands(generic) 398 412 407 372 482 | 441 463 453 465 504 | 567 475 524 537 569 | 562 47.7 533 500 57.1
ChessPiecesPieces 715 717 707 731 751 | 732 739 731 740 753 | 743 722 733 737 737 | 742 718 731 733 742
ThermalCheetah 38.1 532 41.8 536 435|469 565 517 576 381 | 549 561 532 59.6 485|537 554 519 587 453
DroneControl 289 250 288 387 299|289 338 340 374 345|309 337 41.1 415 364 | 321 341 403 405 373
HardHatWorkers 319 323 304 275 255|346 364 303 344 327|370 371 346 343 361|379 384 364 362 377
AmericanSignLanguageLetters || 52.8 40.6 453 492 50.1 | 556 452 47.1 514 474|576 461 521 530 494 | 586 485 565 572 568
UnoCards 378 358 324 407 313|517 426 415 469 390 | 570 537 50.1 564 514|595 552 516 579 540
BoggleBoards 509 550 535 533 528|556 603 581 603 581|577 668 672 672 644|626 656 628 667 650
‘WebsiteScreenshots 6.6 73 6.6 5.1 9.3 8.4 9.7 6.8 53 114 | 83 104 89 76 120 | 9.1 114 101 7.7 131
ThermalDogsAndPeople 472 447 678 429 46.1 | 553 495 595 369 487 | 57.0 533 585 481 433 | 607 557 642 480 46.0
BCCD 533 504 498 522 508 | 504 523 512 521 501 | 561 517 515 530 520|562 541 517 542 552
Dice 73 118 63 130 99 65 120 102 135 122| 92 130 96 166 142 | 94 122 128 206 156
OpenPoetryVision 2.4 2.3 3.1 2.5 1.8 35 3.6 35 3.8 32 4.3 6.5 45 7.3 6.2 5.6 6.5 5.8 7.3 7.2
PKLot640 345 387 36.1 354 336|336 406 373 320 37.1 | 354 409 373 352 379|350 400 358 370 395
EgoHands(specific) 172 192 214 203 240 | 252 284 195 213 277 | 246 282 243 285 289 | 254 292 244 263 28.1
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