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RPN feature # anchors lateral? top-down? AR100 AR1k AR1k
s AR1k

m AR1k
l

(a) baseline on conv4 C4 47k 36.1 48.3 32.0 58.7 62.2
(b) baseline on conv5 C5 12k 36.3 44.9 25.3 55.5 64.2
(c) FPN {Pk} 200k X X 44.0 56.3 44.9 63.4 66.2
Ablation experiments follow:

(d) bottom-up pyramid {Pk} 200k X 37.4 49.5 30.5 59.9 68.0
(e) top-down pyramid, w/o lateral {Pk} 200k X 34.5 46.1 26.5 57.4 64.7
(f) only finest level P2 750k X X 38.4 51.3 35.1 59.7 67.6

Fast R-CNN proposals feature head lateral? top-down? AP@0.5 AP APs APm APl

(a) baseline on conv4 RPN, {Pk} C4 conv5 54.7 31.9 15.7 36.5 45.5
(b) baseline on conv5 RPN, {Pk} C5 2fc 52.9 28.8 11.9 32.4 43.4
(c) FPN RPN, {Pk} {Pk} 2fc X X 56.9 33.9 17.8 37.7 45.8
Ablation experiments follow:

(d) bottom-up pyramid RPN, {Pk} {Pk} 2fc X 44.9 24.9 10.9 24.4 38.5
(e) top-down pyramid, w/o lateral RPN, {Pk} {Pk} 2fc X 54.0 31.3 13.3 35.2 45.3
(f) only finest level RPN, {Pk} P2 2fc X X 56.3 33.4 17.3 37.3 45.6

Faster R-CNN proposals feature head lateral? top-down? AP@0.5 AP APs APm APl

(*) baseline from He et al. [4]† RPN, C4 C4 conv5 47.3 26.3 - - -
(a) baseline on conv4 RPN, C4 C4 conv5 53.1 31.6 13.2 35.6 47.1
(b) baseline on conv5 RPN, C5 C5 2fc 51.7 28.0 9.6 31.9 43.1
(c) FPN RPN, {Pk} {Pk} 2fc X X 56.9 33.9 17.8 37.7 45.8

Table 1. Object detection results using Faster R-CNN [7] evaluated on the COCO minival set. The backbone network for RPN are

consistent with Fast R-CNN. Models are trained on the trainval35k set and use ResNet-50. †Provided by authors of [4].

image test-dev test-std
method backbone competition pyramid AP@.5 AP APs APm APl AP@.5 AP APs APm APl

ours, Faster R-CNN on FPN ResNet-101 - 59.1 36.2 18.2 39.0 48.2 58.5 35.8 17.5 38.7 47.8
Competition-winning single-model results follow:

G-RMI† Inception-ResNet 2016 - 34.7 - - - - - - - -
AttractioNet‡ [3] VGG16 + Wide ResNet§ 2016 X 53.4 35.7 15.6 38.0 52.7 52.9 35.3 14.7 37.6 51.9
Faster R-CNN +++ [4] ResNet-101 2015 X 55.7 34.9 15.6 38.7 50.9 - - - - -
Multipath [9] (on minival) VGG-16 2015 49.6 31.5 - - - - - - - -
ION‡ [1] VGG-16 2015 53.4 31.2 12.8 32.9 45.2 52.9 30.7 11.8 32.8 44.8

Table 2. Comparisons of single-model results on the COCO detection benchmark. Some results were not available on the test-std
set, so we also include the test-dev results (and for Multipath [9] on minival). †: http://image-net.org/challenges/
talks/2016/GRMI-COCO-slidedeck.pdf. ‡: http://mscoco.org/dataset/#detections-leaderboard. §: This
entry of AttractioNet [3] adopts VGG-16 for proposals and Wide ResNet [8] for object detection, so is not strictly a single-model result.

ResNet-50 ResNet-101
share features? AP@0.5 AP AP@0.5 AP

no 56.9 33.9 58.0 35.0
yes 57.2 34.3 58.2 35.2

Table 3. More object detection results using Faster R-CNN and our
FPNs, evaluated on minival. Sharing features increases train
time by 1.5⇥ (using 4-step training [7]), but reduces test time.
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pled map is then merged with the corresponding bottom-up
map (which undergoes a 1⇥1 convolutional layer to reduce
channel dimensions) by element-wise addition. This pro-
cess is iterated until the finest resolution map is generated.
To start the iteration, we simply attach a 1⇥1 convolutional
layer on C5 to produce the coarsest resolution map. Fi-
nally, we append a 3⇥3 convolution on each merged map to
generate the final feature map, which is to reduce the alias-
ing effect of upsampling. This final set of feature maps is
called {P2, P3, P4, P5}, corresponding to {C2, C3, C4, C5}
that are respectively of the same spatial sizes.

Because all levels of the pyramid use shared classi-
fiers/regressors as in a traditional featurized image pyramid,
we fix the feature dimension (numbers of channels, denoted
as d) in all the feature maps. We set d = 256 in this pa-
per and thus all extra convolutional layers have 256-channel
outputs. There are no non-linearities in these extra layers,
which we have empirically found to have minor impacts.

Simplicity is central to our design and we have found that
our model is robust to many design choices. We have exper-
imented with more sophisticated blocks (e.g., using multi-
layer residual blocks [16] as the connections) and observed
marginally better results. Designing better connection mod-
ules is not the focus of this paper, so we opt for the simple
design described above.

4. Applications

Our method is a generic solution for building feature
pyramids inside deep ConvNets. In the following we adopt
our method in RPN [29] for bounding box proposal gen-
eration and in Fast R-CNN [11] for object detection. To
demonstrate the simplicity and effectiveness of our method,
we make minimal modifications to the original systems of
[29, 11] when adapting them to our feature pyramid.

4.1. Feature Pyramid Networks for RPN

RPN [29] is a sliding-window class-agnostic object de-
tector. In the original RPN design, a small subnetwork is
evaluated on dense 3⇥3 sliding windows, on top of a single-
scale convolutional feature map, performing object/non-
object binary classification and bounding box regression.
This is realized by a 3⇥3 convolutional layer followed by
two sibling 1⇥1 convolutions for classification and regres-
sion, which we refer to as a network head. The object/non-
object criterion and bounding box regression target are de-
fined with respect to a set of reference boxes called anchors
[29]. The anchors are of multiple pre-defined scales and
aspect ratios in order to cover objects of different shapes.

We adapt RPN by replacing the single-scale feature map
with our FPN. We attach a head of the same design (3⇥3
conv and two sibling 1⇥1 convs) to each level on our feature
pyramid. Because the head slides densely over all locations
in all pyramid levels, it is not necessary to have multi-scale

anchors on a specific level. Instead, we assign anchors of
a single scale to each level. Formally, we define the an-
chors to have areas of {322, 642, 1282, 2562, 5122} pixels
on {P2, P3, P4, P5, P6} respectively.1 As in [29] we also
use anchors of multiple aspect ratios {1:2, 1:1, 2:1} at each
level. So in total there are 15 anchors over the pyramid.

We assign training labels to the anchors based on
their Intersection-over-Union (IoU) ratios with ground-truth
bounding boxes as in [29]. Formally, an anchor is assigned
a positive label if it has the highest IoU for a given ground-
truth box or an IoU over 0.7 with any ground-truth box,
and a negative label if it has IoU lower than 0.3 for all
ground-truth boxes. Note that scales of ground-truth boxes
are not explicitly used to assign them to the levels of the
pyramid; instead, ground-truth boxes are associated with
anchors, which have been assigned to pyramid levels. As
such, we introduce no extra rules in addition to those in [29].

We note that the parameters of the heads are shared
across all feature pyramid levels; we have also evaluated the
alternative without sharing parameters and observed similar
accuracy. The good performance of sharing parameters in-
dicates that all levels of our pyramid share similar semantic
levels. This advantage is analogous to that of using a fea-
turized image pyramid, where a common head classifier can
be applied to features computed at any image scale.

With the above adaptations, RPN can be naturally trained
and tested with our FPN, in the same fashion as in [29]. We
elaborate on the implementation details in the experiments.

4.2. Feature Pyramid Networks for Fast R-CNN

Fast R-CNN [11] is a region-based object detector in
which Region-of-Interest (RoI) pooling is used to extract
features. Fast R-CNN is most commonly performed on a
single-scale feature map. To use it with our FPN, we need
to assign RoIs of different scales to the pyramid levels.

We view our feature pyramid as if it were produced from
an image pyramid. Thus we can adapt the assignment strat-
egy of region-based detectors [15, 11] in the case when they
are run on image pyramids. Formally, we assign an RoI of
width w and height h (on the input image to the network) to
the level Pk of our feature pyramid by:

k = bk0 + log2(
p
wh/224)c. (1)

Here 224 is the canonical ImageNet pre-training size, and
k0 is the target level on which an RoI with w ⇥ h = 224

2

should be mapped into. Analogous to the ResNet-based
Faster R-CNN system [16] that uses C4 as the single-scale
feature map, we set k0 to 4. Intuitively, Eqn. (1) means
that if the RoI’s scale becomes smaller (say, 1/2 of 224), it
should be mapped into a finer-resolution level (say, k = 3).

1Here we introduce P6 only for covering a larger anchor scale of 5122 .
P6 is simply a stride two subsampling of P5 . P6 is not used by the Fast
R-CNN detector in the next section.
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Fast R-CNN + FPN Fast R-CNN
Feature dimension 256 1024
Head ClassiÞer 2-mlp conv5
Training Time 10.6 hr 44.6 hr
Inference Time 0.15 s 0.32 s
Accuracy 33.9 AP 31.9 AP
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RPN feature # anchors lateral? top-down? AR100 AR1k AR1k
s AR1k

m AR1k
l

(a) baseline on conv4 C4 47k 36.1 48.3 32.0 58.7 62.2
(b) baseline on conv5 C5 12k 36.3 44.9 25.3 55.5 64.2
(c) FPN { Pk } 200k ! ! 44.0 56.3 44.9 63.4 66.2
Ablation experiments follow:
(d) bottom-up pyramid { Pk } 200k ! 37.4 49.5 30.5 59.9 68.0
(e) top-down pyramid, w/o lateral { Pk } 200k ! 34.5 46.1 26.5 57.4 64.7
(f) only Þnest level P2 750k ! ! 38.4 51.3 35.1 59.7 67.6

Fast R-CNN proposals feature head lateral? top-down? AP@0.5 AP APs APm APl

(a) baseline on conv4 RPN,{ Pk } C4 conv5 54.7 31.9 15.7 36.5 45.5
(b) baseline on conv5 RPN,{ Pk } C5 2fc 52.9 28.8 11.9 32.4 43.4
(c) FPN RPN,{ Pk } { Pk } 2fc ! ! 56.9 33.9 17.8 37.7 45.8
Ablation experiments follow:
(d) bottom-up pyramid RPN,{ Pk } { Pk } 2fc ! 44.9 24.9 10.9 24.4 38.5
(e) top-down pyramid, w/o lateral RPN,{ Pk } { Pk } 2fc ! 54.0 31.3 13.3 35.2 45.3
(f) only Þnest level RPN,{ Pk } P2 2fc ! ! 56.3 33.4 17.3 37.3 45.6

Faster R-CNN proposals feature head lateral? top-down? AP@0.5 AP APs APm APl

(*) baseline from Heet al. [4]  RPN,C4 C4 conv5 47.3 26.3 - - -
(a) baseline on conv4 RPN,C4 C4 conv5 53.1 31.6 13.2 35.6 47.1
(b) baseline on conv5 RPN,C5 C5 2fc 51.7 28.0 9.6 31.9 43.1
(c) FPN RPN,{ Pk } { Pk } 2fc ! ! 56.9 33.9 17.8 37.7 45.8

Table 1. Object detection results usingFaster R-CNN [7] evaluated on the COCOminival set. The backbone network for RPN are
consistent with Fast R-CNN.Models are trained on thetrainval35k set and use ResNet-50.  Provided by authors of [4].

image test-dev test-std
method backbone competition pyramid AP@.5 AP APs APm APl AP@.5 AP APs APm APl

ours, Faster R-CNN onFPN ResNet-101 - 59.1 36.2 18.2 39.0 48.2 58.5 35.8 17.5 38.7 47.8
Competition-winningsingle-modelresults follow:
G-RMI  Inception-ResNet 2016 - 34.7 - - - - - - - -
AttractioNetà [3] VGG16 + Wide ResNet¤ 2016 ! 53.4 35.7 15.6 38.0 52.7 52.9 35.3 14.7 37.6 51.9
Faster R-CNN +++ [4] ResNet-101 2015 ! 55.7 34.9 15.6 38.7 50.9 - - - - -
Multipath [9] (onminival ) VGG-16 2015 49.6 31.5 - - - - - - - -
IONà [1] VGG-16 2015 53.4 31.2 12.8 32.9 45.2 52.9 30.7 11.8 32.8 44.8

Table 2. Comparisons ofsingle-modelresults on the COCO detection benchmark. Some results were not available on thetest-std
set, so we also include thetest-dev results (and for Multipath [9] on minival ).   : http://image-net.org/challenges/
talks/2016/GRMI-COCO-slidedeck.pdf . à: http://mscoco.org/dataset/#detections-leaderboard . ¤: This
entry of AttractioNet [3] adopts VGG-16 for proposals and Wide ResNet [8] for object detection, so is not strictly a single-model result.

ResNet-50 ResNet-101
share features? AP@0.5 AP AP@0.5 AP

no 56.9 33.9 58.0 35.0
yes 57.2 34.3 58.2 35.2

Table 3. More object detection results using Faster R-CNN and our
FPNs, evaluated onminival . Sharing features increases train
time by 1.5! (using 4-step training [7]), but reduces test time.

image pyramid AR ARs ARm ARl time (s)
DeepMask [5] ! 37.1 15.8 50.1 54.9 0.49
SharpMask [6] ! 39.8 17.4 53.1 59.1 0.77
InstanceFCN [2] ! 39.2 Ð Ð Ð 1.50 

FPN Mask Results:
DeepMask + FPN 48.1 32.6 54.2 65.6 0.25

Table 4. Instance segmentation proposals evaluated on the Þrst 5k
COCO val images. All models are trained on thetrain set.
DeepMask, SharpMask, and FPN use ResNet-50 while Instance-
FCN uses VGG-16. DeepMask and SharpMask performance
is computed with models available fromhttps://github.
com/facebookresearch/deepmask (both are the ÔzoomÕ
variants).  Runtimes are measured on an NVIDIA M40 GPU, ex-
cept the InstanceFCN timing which is based on the slower K40.
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(*) baseline from Heet al. [4]  RPN,C4 C4 conv5 47.3 26.3 - - -
(a) baseline on conv4 RPN,C4 C4 conv5 53.1 31.6 13.2 35.6 47.1
(b) baseline on conv5 RPN,C5 C5 2fc 51.7 28.0 9.6 31.9 43.1
(c) FPN RPN,{ Pk } { Pk } 2fc ! ! 56.9 33.9 17.8 37.7 45.8

Table 1. Object detection results usingFaster R-CNN [7] evaluated on the COCOminival set. The backbone network for RPN are
consistent with Fast R-CNN.Models are trained on thetrainval35k set and use ResNet-50.  Provided by authors of [4].

image test-dev test-std
method backbone competition pyramid AP@.5 AP APs APm APl AP@.5 AP APs APm APl

ours, Faster R-CNN onFPN ResNet-101 - 59.1 36.2 18.2 39.0 48.2 58.5 35.8 17.5 38.7 47.8
Competition-winningsingle-modelresults follow:
G-RMI  Inception-ResNet 2016 - 34.7 - - - - - - - -
AttractioNetà [3] VGG16 + Wide ResNet¤ 2016 ! 53.4 35.7 15.6 38.0 52.7 52.9 35.3 14.7 37.6 51.9
Faster R-CNN +++ [4] ResNet-101 2015 ! 55.7 34.9 15.6 38.7 50.9 - - - - -
Multipath [9] (onminival ) VGG-16 2015 49.6 31.5 - - - - - - - -
IONà [1] VGG-16 2015 53.4 31.2 12.8 32.9 45.2 52.9 30.7 11.8 32.8 44.8

Table 2. Comparisons ofsingle-modelresults on the COCO detection benchmark. Some results were not available on thetest-std
set, so we also include thetest-dev results (and for Multipath [9] on minival ).   : http://image-net.org/challenges/
talks/2016/GRMI-COCO-slidedeck.pdf . à: http://mscoco.org/dataset/#detections-leaderboard . ¤: This
entry of AttractioNet [3] adopts VGG-16 for proposals and Wide ResNet [8] for object detection, so is not strictly a single-model result.

ResNet-50 ResNet-101
share features? AP@0.5 AP AP@0.5 AP

no 56.9 33.9 58.0 35.0
yes 57.2 34.3 58.2 35.2

Table 3. More object detection results using Faster R-CNN and our
FPNs, evaluated onminival . Sharing features increases train
time by 1.5! (using 4-step training [7]), but reduces test time.

image pyramid AR ARs ARm ARl time (s)
DeepMask [5] ! 37.1 15.8 50.1 54.9 0.49
SharpMask [6] ! 39.8 17.4 53.1 59.1 0.77
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FPN Mask Results:
DeepMask + FPN 48.1 32.6 54.2 65.6 0.25

Table 4. Instance segmentation proposals evaluated on the Þrst 5k
COCO val images. All models are trained on thetrain set.
DeepMask, SharpMask, and FPN use ResNet-50 while Instance-
FCN uses VGG-16. DeepMask and SharpMask performance
is computed with models available fromhttps://github.
com/facebookresearch/deepmask (both are the ÔzoomÕ
variants).  Runtimes are measured on an NVIDIA M40 GPU, ex-
cept the InstanceFCN timing which is based on the slower K40.
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