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(1) training is inefficient as most locations are easy negatives that contribute no useful learning signal;

(2) en masse, the easy negatives can overwhelm training and lead to degenerate models.
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Figure 3. The one-stage RetinaNet network architecture uses a Feature Pyramid Network (FPN) [20] backbone on top of a feedforward
ResNet architecture [16] (a) to generate a rich, multi-scale convolutional feature pyramid (b). To this backbone RetinaNet attaches two
subnetworks, one for classifying anchor boxes (c) and one for regressing from anchor boxes to ground-truth object boxes (d). The network
design is intentionally simple, which enables this work to focus on a novel focal loss function that eliminates the accuracy gap between our
one-stage detector and state-of-the-art two-stage detectors like Faster R-CNN with FPN [20] while running at faster speeds.
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e AP APsop APys v @ AP APsp APys #sc #ar | AP APsp  APys
10| 00 0.0 0.0 0 75| 311 494 330 11 303 490 318
25 | 10.8 16.0 117 0.1 75| 314 499 331 2 1 319 500 340
50 | 302 467 328 02 75| 319 507 334 3 1 31.8 494 337
5 ] 311 494 330 05 50| 329 517 35.2 1 3| 324 3523 339
90 | 30.8 497 323 1.0 25| 337 520 362 23] 42 531 36.5
99 | 287 474 299 20 25| M40 525 365 3 3] 340 525 365
999 | 25.1 41.7 26.1 50 25| 322 496 348 4 3| 338 521 36.2
(a) Varying a for CE loss (v = 0) (b) Varying ~y for FL (w. optimal &) (c) Varying anchor scales and aspects
method | L NS\ b APso APy depth scale| AP APso APrs | APs APy APp |time
OHEM 128 7 31.1 47.2 33.2 50 400 | 305 478 327 | 112 338 461 | 64
OHEM 256 7 31.8 488 339 50 500 | 325 509 348 | 139 358 467 | 72
OHEM 5127 306 470 326 50 600 | 343 532 369 | 162 374 474 | 98
OHEM 1285 328 503 35.1 500 700 | 351 542 377 | 180 393 464 | 121
OHEM 256 5 310 474 330 50 800 | 357 550 385 | 189 389 463 | 153
OHEM 512 5 | 276 420 292 101 400 | 319 495 341 116 358 485 | 81
OHEM 1:13| 128 5 31.1 47.2 33.2 101 500 | 344 531 368 | 147 385 49.1 | 90
OHEM I:3| 256 .5 | 283 424 303 101 600 | 360 552 387 | 174 396 497 |122
OHEM I:13| 512 5 | 240 355 258 100 700 | 37.1 566 398 | 191 406 494 | 154
FL wWa nfa| 360 549 387 101 800 | 37.8 575 408 | 202 411 492 | 198
(d) FL vs. OHEM baselines (with ResNet-101-FPN) (e) Accuracy/speed trade-off RetinaNet (on test-dev)

Table 1. Ablation experiments for RetinaNet and Focal Loss (FL). All models are trained on trainval35k and tested on minival
unless noted. If not specified, default values are: y = 2; anchors for 3 scales and 3 aspect ratios; ResNet-50-FPN backbone; and a 600
pixel train and test image scale. (a) RetinaNet with a--balanced CE achieves at most 31.1 AP. (b) In contrast, using FL with the same exact
network gives a 2.9 AP gain and is fairly robust to exact y/ev settings. (c) Using 2-3 scale and 3 aspect ratio anchors yields good results
after which point performance saturates. (d) FL outperforms the best variants of online hard example mining (OHEM) [31, 22] by over 3
points AP. (e) Accuracy/Speed trade-off of RetinaNet on test—dev for various network depths and image scales (see also Figure 2).
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Figure 4. Cumulative distribution functions of the normalized loss for positive and negative samples for different values of ~y for a converged
model. The effect of changing v on the distribution of the loss for positive examples is minor. For negatives, however, increasing ~ heavily
concentrates the loss on hard examples, focusing nearly all attention away from easy negatives.



