Appendix A
De-duplication Experiments

A dataset with 300M images is almost guaranteed to contain images that overlap with the validation set of target tasks. In
fact, we find that even for ImageNet, there are 890 out of 50K validation images have near-duplicate images in the training.

We use visual embeddings to measure similarities and identify duplicate or near-duplicate images. The embeddings are
based on deep learning features. We find there are 5536 out of 50K images in ImageNet validation set, 1648 out of 8K images
in COCO minival*, 201 out of 4952 images in Pascal VOC 2007 test set, and 84 out of 1449 images in Pascal VOC 2012
validation set that have near duplicates in JFT-300M. We rerun several experiments by removing near-duplicate images from
validation sets and then comparing performance between baselines and learned models. We observe no significant differences
in trends. Table 1, 2 and 3 show that the duplicate images have minimal impact on performance for all experiments.

Original De-duplication
Top-1 Acc. Top-5 Acc. | Top-1 Acc. Top-5 Acc.
MSRA checkpoint 76.4 92.9 76.4 92.9
Random initialization 71.5 93.9 71.5 93.8
Fine-tune from JFT-300M 79.2 94.7 79.3 94.7

Table 1. Top-1 and top-5 classification accuracy on ImageNet validation set, before and after de-duplication. Single model and single crop
are used.

Original De-duplication

mAP@0.5 mAP@][0.5,0.95] | mAP@0.5 mAP@[0.5,0.95]
ImageNet 54.0 34.5 54.0 34.6
300M 57.1 36.8 56.8 36.7
ImageNet+300M 58.2 37.8 58.2 37.7

Table 2. mMAP@0.5 and mAP@[0.5,0.95] for object detection performance on COCO minival*, before and after de-duplication.

VOCO07 Detection VOC12 Segmentation
Original De-duplication | Original De-duplication

ImageNet 76.3 76.5 73.6 73.3
300M 81.4 81.5 75.3 75.1
ImageNet+300M | 81.3 81.2 76.5 76.5

Table 3. Object detection and semantic segmentation performance on Pascal VOC, before and after deduplication. (Left) Object detection
mAP@0.5 on Pascal VOC 2007 test set. (Right) Semantic segmentation mIOU on Pascal VOC 2012 validation set.

We do not conduct de-duplication experiments of COCO testdev dataset for object detection and pose estimation as their
groundtruth annotations are not publicly available.



Appendix B
Detailed and Per-category Results: Object Detection

In this section, we present detailed and per-category object detection results for Table 2 (Section 5.2) from the main submis-
sion, evaluated on the COCO test-dev split. In Table 4, we report detailed AP and AR results using different initializations.

In Table 7, we provide per-category AP and AP@.5 results.

AP AP@.5 AP@.75 AP(S) AP(M) AP(L)| AR

AR@.5 AR@.75 AR(S) AR(M) AR(L)

ImageNet 343 536 36.9 15.1 374 485 |30.2
300M 36.7 569 39.5 17.1  40.0 50.7 |31.5
ImageNet+300M | 37.4 58.0 40.1 17.5 41.1  51.2 |31.8

47.3 49.7 26.0 546 68.6
493 51.9 28,6 569 704
49.8 524 29.0 577 705

Table 4. Object detection performance on COCO test-dev split using different model initializations.

Per-category Results: Semantic Segmentation

In Table 5, we report quantitative results on the VOC 2012 segmentation validation set for all classes (refer to Figure 5
(left), Section 5.3 in the main submission). Results are reported for different initializations. We observe more than 7 point

improvement for categories like boat and horse.

dog horse mbike persn plant sheep sofa train tv

Initialization ~ mIOU bg aero bike bird boat bottle bus car cat chair cow table
ImageNet 73.6 932 889 40.1 873 65.0 78.8 89.9 84.3 88.8 37.2 81.6 493
300M 753 937 89.8 40.1 89.8 70.6 785 89.9 86.1 92.0 36.9 80.9 52.8

ImageNet+300M  76.5 94.8 90.4 41.6 89.1 73.1 804 923 86.7 92.0 39.6

82.7 52.7

84.1 789 793 833
87.6 824 808 843
86.2 86.1 83.6 857

577 82.0 41.7
61.7 844 448
61.5 839 453

80.3 73.1
80.9 72.6
84.6 73.6

Table 5. Per-class semantic segmentation performance on PASCAL VOC 2012 validation set.

Detailed Results: Human Pose Estimation

In Table 6, we present all AP and AR results for the performance reported in Table 7 (Section 5.4) in the main submission.

AP AP@5 AP@.75 APM) APL)| AR AR@5 AR@.75 ARM) AR(L)
CMU Pose [3] 61.8 849 67.5 571 682 | 665 872 71.8 60.6 746
ImageNet [26] | 624  84.0 68.5 59.1  68.1 | 667  86.6 72.0 60.8 749
300M 648 858 71.5 622 703 | 694 884 75.2 639 770
ImageNet+300M | 64.4 857 70.7 61.8  69.8 | 69.1 882 74.8 63.7  76.6

Table 6. Human pose estimation performance on the COCO test-dev split.



Table 7. Per-class object detection performance on COCO test-dev split using different model initializations.

Initialization — | ImageNet 300M ImageNet+300M Initialization — | ImageNet 300M ImageNet+300M
AP@.5 | AP AP@5 | AP AP@5S AP AP@.5| AP AP@.5| AP AP@S5 AP
person 71.5 | 477 731 |49.8 727 49.9 wine glass 53.8 302 563 |333 587 347
bicycle 489 |264 549 |30.0 52.7 29.9 cup 64.7 | 325 675 |356 684 359
car 5577 |347 583 369 593 37.1 fork 457 1232 451 265 50.1 27.8
motorcycle 56.5 |36.7 61.6 |40.5 599 39.6 knife 299 | 128 37.1 | 157 372 16.4
airplane 679 |52.0 70.1 |550 704 54.7 spoon 13.0 | 100 114 |11.7 11.6 13.3
bus 777 625 795 |64.6 79.0 64.2 bowl 494 321 536 |354 522 35.4
train 66.8 |59.2 69.7 |62.8 69.7 62.1 banana 38.1 | 18.7 39.8 |204 400 21.1
truck 46.3 299 49.7 |33.0 522 345 apple 494 |19.1 501 |20.8 515 21.7
boat 306 | 194 325 221 321 22.3 sandwich 44.0 1296 452 |313 478 34.1
traffic light 489 227 498 |243 49.1 24.6 orange 48.7 1250 50.7 |262 49.0 26.1
fire hydrant 753 |59.1 744 |593 749 59.5 broccoli 306 | 229 325 248 319 24.6
stop sign 832 |63.6 844 |63.8 856 66.4 carrot 259 | 140 286 |16.1 215 16.4
parking meter 622 | 375 649 |385 645 37.6 hot dog 43.7 |21.8 465 | 248 482 25.8
bench 38.1 |19.6 393 |20.1 406 21.4 pizza 679 |51.1 69.0 |52.3 68.7 52.8
bird 60.2 294 619 |33.0 633 342 donut 60.2 |40.1 64.8 | 439 66.8 46.4
cat 642 | 581 68.0 |619 679 62.4 cake 427 |255 464 |28.1 465 29.1
dog 62.6 | 529 66.1 |562 66.9 57.3 chair 33.0 |21.1 36.7 |240 359 244
horse 672 | 535 708 |57.0 713 57.0 couch 413 1362 445 389 449 39.4
sheep 644 |43.6 648 |454 66.7 46.3 potted plant 256 201 273 |219 30.0 234
cow 70.7 | 454 719 |474 733 48.9 bed 445 1406 456 |41.7 472 434
elephant 75.1 | 641 773 | 664 76.1 65.5 dining table 339 | 253 363 275 368 27.6
bear 70.5 669 745 |69.8 727 70.0 toilet 61.1 | 548 61.8 |56.1 633 57.4
zebra 71.0 |593 715 | 604 713 61.0 tv 61.8 |50.0 63.0 |519 63.7 52.7
giraffe 753 | 674 759 |69.0 759 69.3 laptop 65.8 | 545 683 |56.6 68.9 57.5
backpack 19.6 | 12.8 195 | 147 185 15.1 mouse 72.1 | 444 720 |47.6 75.6 473
umbrella 46.2 | 289 50.7 |323 504 32.8 remote 564 |22.1 558 |244 59.1 26.0
handbag 14.7 | 97 13.7 | 109 16.1 12.0 keyboard 57.1 | 454 575 |459 614 48.3
tie 50.8 | 263 532 279 515 28.4 cell phone 540 | 234 585 |26.1 575 26.7
suitcase 404 | 267 444 |30.3 469 325 microwave 539 |503 537 |50.5 58.7 53.1
frisbee 534 | 438 553 |48.6 58.6 48.3 oven 409 |31.7 419 |335 432 34.6
skis 1.5 | 181 3.0 |[200 23 20.7 toaster 326 | 147 399 205 329 20.1
snowboard 457 1293 47.0 |333 439 32.1 sink 432 | 31.0 448 |344 440 339
sports ball 41.8 | 356 487 |37.6 423 38.6 refrigerator 48.6 | 423 517 | 446 524 46.1
kite 394 | 375 339 389 359 40.0 book 152 | 74 187 | 88 213 9.8
baseball bat 83 234 67 |251 99 27.5 clock 56.7 | 4377 56.7 | 453 55.8 45.1
baseball glove 356 | 274 337 |312 419 31.8 vase 57.1 | 323 615 |359 614 36.5
skateboard 422 |40.0 48.6 |44.7 492 444 scissors 31.1 |20.8 389 |252 348 25.9
surfboard 48.5 |31.1 51.7 |32.8 524 339 teddy bear 504 | 354 547 402 547 404
tennis racket 53.1 |42.6 55.1 |44.1 554 45.1 hair drier 2.3 1.0 438 1.8 4.0 1.9
bottle 612 |28.6 61.8 |305 616 30.8 toothbrush 48.5 343 507 |36.7 512 37.4




