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Abstract

Recent advancements in deep neural networks have
made remarkable leap-forwards in dense image prediction.
However, the issue of feature alignment remains as ne-
glected by most existing approaches for simplicity. Direct
pixel addition between upsampled and local features leads
to feature maps with misaligned contexts that, in turn, trans-
late to mis-classifications in prediction, especially on ob-
ject boundaries. In this paper, we propose a feature align-
ment module that learns transformation offsets of pixels
to contextually align upsampled higher-level features; and
another feature selection module to emphasize the lower-
level features with rich spatial details. We then integrate
these two modules in a top-down pyramidal architecture
and present the Feature-aligned Pyramid Network (FaPN).
Extensive experimental evaluations on four dense predic-
tion tasks and four datasets have demonstrated the efficacy
of FaPN, yielding an overall improvement of 1.2 - 2.6 points
in AP / mIoU over FPN when paired with Faster / Mask R-
CNN. In particular, our FaPN achieves the state-of-the-art
of 56.7% mIoU on ADE20K when integrated within Mask-
Former. The code is available from https://github.com/EMI-
Group/FaPN.

1. Introduction
Dense prediction is a collection of computer vision tasks

that aim at labeling every pixel in an image with a pre-
defined class. It plays a fundamental role in scene un-
derstanding and is of great importance to real-world ap-
plications, such as autonomous driving [7], medical imag-
ing [44], augmented reality [1], etc. The modern solutions
for these tasks are built upon Convolutional Neural Net-
works (CNNs). With the recent advancements in CNN ar-
chitectures, a steady stream of promising empirical leap-
forwards was reported across a wide range of dense predic-
tion tasks, including object detection [26, 39, 40], semantic
segmentation [4, 28], instance segmentation [13, 25], and
panoptic segmentation [18, 19], to name a few.
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Figure 1: Comparisons between FPN and FaPN: (Top
row) Qualitatively, FaPN significantly improves the perfor-
mance on object boundaries as opposed to its counterpart,
i.e. FPN [23]. (Bottom row) Quantitatively, FaPN’s im-
provements over FPN are consistent across different tasks,
backbones, and object scales. Best view in color.

Dense prediction requires both rich spatial details for ob-
ject location and strong semantics for object classification,
which most likely reside at different resolution / scale lev-
els [28]. How to effectively generate a hierarchy of fea-
tures at different scales becomes one of the key barriers to
overcome in handling dense prediction tasks [23]. Broadly
speaking, there are two common practices to address this
issue. The first kind uses atrous convolutions with differ-
ent atrous rates to effectively capture long-range informa-
tion (i.e. semantic context) without reducing spatial resolu-
tion [4]. The other kind builds a top-down feature pyramid
based on the default bottom-top pathway of a ConvNet [2].
More specifically, the (higher-level) spatially coarser fea-
ture maps are upsampled before merging with the corre-
sponding feature maps from the bottom-up path-way. How-
ever, there are inaccurate correspondences (i.e. feature mis-
alignment) between the bottom-up and upsampled features
owing to the non-learnable nature of the commonly-used
upsampling operations (e.g. nearest neighbor) and the re-
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Figure 2: Example pairs of results from FPN [23] and our FaPN. Both methods are implemented in Mask R-CNN [13]
with ResNet50 [14] being the backbone and PointRend [20] as the mask head. Qualitatively, FaPN significantly improves
the performance on object boundaries. Images are randomly chosen from [24] and [9] for instance (left) and semantic (right)
segmentation, respectively. More visualization examples are available in the supplementary materials.

peated applications of downsampling and upsampling. The
misaligned features, in turn, adversely affects the learning
in the subsequent layers, resulting in mis-classifications in
the final predictions, especially around the object bound-
aries. To address the aforementioned issue, we propose a
feature alignment module that learns to align the upsampled
feature maps to a set of reference feature maps by adjust-
ing each sampling location in a convolutional kernel with a
learned offset. We further propose a feature selection mod-
ule to adaptively emphasize the bottom-up feature maps
containing excessive spatial details for accurate locating.
We then integrate these two modules in a top-down pyrami-
dal architecture and propose the Feature-aligned Pyramid
Network (FaPN).

Conceptually, FaPN can be easily incorporated to exist-
ing bottom-up ConvNet backbones [14,29,31,33] to gener-
ate a pyramid of features at multiple scales [23]. We imple-
ment FaPN in modern dense prediction frameworks (Faster
R-CNN [40], Mask R-CNN [13], PointRend [20], Mask-
Former [8], PanopticFPN [18], and PanopticFCN [22]), and
demonstrate its efficacy on object detection, semantic, in-
stance and panoptic segmentation. Extensive evaluations
on multiple challenging datasets suggest that FaPN leads
to a significant improvement in dense prediction perfor-
mance, especially for small objects and on object bound-
aries. Moreover, FaPN can also be easily extended to real-
time semantic segmentation by pairing it with a lightweight
bottom-up backbone [14, 30, 32]. Without bells and whis-
tles, FaPN achieves favorable performance against existing
dedicated real-time methods. Our key contributions are:

– We first develop (i) a feature alignment module that learns
transformation offsets of pixels to contextually align up-

sampled (higher-level) features; and (ii) another feature se-
lection module to emphasize (lower-level) features with rich
spatial details.

– With the integration of these two contributions, we
present, Feature-aligned Pyramid Network (FaPN), an en-
hanced drop-in replacement of FPN [23], for generating
multi-scale features.

– We present a thorough experimental evaluation demon-
strating the efficacy and value of each component of FaPN
across four dense prediction tasks, including object detec-
tion, semantic, instance, and panoptic segmentation on three
benchmark datasets, including MS COCO [24], Cityscapes
[9], COCO-Stuff-10K [3].

– Empirically, we demonstrate that our FaPN leads to a sig-
nificant improvement of 1.2% - 2.6% in performance (AP /
mIoU) over the original FPN [23]. Furthermore, our FaPN
achieves the state-of-the-art of 56.7% mIoU on ADE20K
when integrated within MaskFormer [8].

2. Related Work

Feature Pyramid Network Backbone: The existing dense
image prediction methods can be broadly divided into two
groups. The first group utilizes atrous convolutions to en-
large the receptive field of convolutional filters for capturing
long-range information without reducing resolutions spa-
tially. DeepLab [4] is one of the earliest method that adopt
atrous convolution for semantic segmentation. It introduced
an Atrous Spatial Pyramid Pooling module (ASPP) com-
prised of atrous convolutions with different atrous rates to
aggregate multi-scale context from high-resolution feature
maps. Building upon ASPP, a family of methods [4–6] were
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developed. However, the lack of the ability to generate fea-
ture maps at multiple scales restricts the application of this
type of methods to other dense prediction tasks beyond se-
mantic segmentation. The second group of methods focuses
on building an encoder-decoder network, i.e. bottom-up and
top-down pathways. The top-down pathway is used to back-
propagate the high-level semantic context into the low-level
features via a step-by-step upsampling. There is a plethora
of encoder-decoder methods [12, 13, 18, 23, 37, 43, 45] pro-
posed for different dense image prediction tasks. Decon-
vNet [37] is one of the earliest works that proposed to use
upsample operations with learnable parameters, i.e. decon-
volution. DSSD [12] and FPN [23] are the extensions of
SSD [26] and Faster R-CNN [40] respectively for object de-
tection. Mask R-CNN [13] and SOLOs [43,45] are used for
real-time instance segmentation. Moreover, Kirillov et al.
propose the Panoptic FPN [18] for panoptic segmentation.

Feature Alignment: In case of the increasing loss of
boundary detail with the step-by-step downsampling, Seg-
Net [2] stores the max-pooling indices in its encoder and
upsamples feature maps in the decoder with the correspond-
ing stored max-pooling indices. Instead of memorizing the
spatial information in the encoder previously as SegNet,
GUN [34] tries to learn the guidance offsets before up-
sampling in the decoder and then upsamples feature maps
following those offsets. To solve the misalignment be-
tween extracted features and the RoI caused by the quan-
tizations in RoIPool, RoIAlign [13] avoids any quantiza-
tions and computes the values for each RoI with linear in-
terpolation. To establish accurate correspondences among
multiple frames given a large motion for video restoration,
TDAN [41] and EDVR [42] achieve implicit motion com-
pensation with by deformable convolution [10] at the fea-
ture level. AlignSeg [17] and SFNet [21] are two concur-
rent works that share a similar motivation as ours and both
are flow-based alignment methods. In particular, AlignSeg
proposes a two-branched bottom-up network and uses two
types of alignment modules to alleviate the feature mis-
alignment before feature aggregation. In contrast, we pro-
pose to construct a top-down pathway based on the bottom-
up network and align features from the coarsest resolution
(top) to the finest resolution (bottom) in a progressive way.
Specifically, we only align 2× upsampled features to their
corresponding bottom-up features, while AlignSeg tries to
align diversely scaled features (i.e. upsampled from 1/4,
1/8, and even 1/16) directly which are difficult and may
not always be feasible.

3. Feature-aligned Pyramid Network
In this section, we present the general framework of our

method, comprised of a Feature Selection Module (FSM)
and a Feature Alignment Module (FAM), as shown in Fig-
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Figure 3: Overview comparison between FPN and FaPN.
Details of the FAM and FSM components are provided in
Figure 4 and Figure 5, respectively.

ure 3 (right). Specifically, we define the output of the i-th
stage of the bottom-up network as Ci, which has stride of
2i pixels with respect to the input image, i.e. Ci ∈ R

H

2i
×W

2i ,
where H × W is the size of the input image. And we de-
note (H2i ,

W
2i ) by (Hi,Wi) for brevity. We use Ĉi to denote

the output of a FSM layer given the input of Ci. Also, the
output after the i-th feature fusion in the top-down pathway
is defined as Pi, and its upsampled and aligned features to
Ci−1 as Pu

i and P̂u
i , respectively.

3.1. Feature Alignment Module

Due to the recursive use of downsampling operations,
there are foreseeable spatial misalignment between the up-
sampled feature maps Pu

i and the corresponding bottom-
up feature maps Ci−1. Thus, the feature fusion by either
element-wise addition or channel-wise concatenation would
harm the prediction around object boundaries. Prior to fea-
ture aggregation, aligning Pu

i to its reference Ĉi−1 is es-
sential, i.e. adjusting Pu

i accordingly to the spatial location
information provided by the Ĉi−1. In this work, the spa-
tial location information is presented by 2D feature maps,
where each offset value can be viewed as the shifted dis-
tances in 2D space between each point in Pu

i and its cor-
responding point in Ĉi−1. As illustrated by Figure 4, the
feature alignment can be mathematically formulated as:

P̂u
i = fa

(
Pu

i ,∆i

)
,

∆i = fo
(
[Ĉi−1,P

u
i ]
)
,

(1)

where [Ĉi−1,P
u
i ] is the concatenation of Ĉi−1 and Pu

i

which provides spatial difference between the upsampled
and corresponding bottom-up features. fo(·) and fa(·) de-
note the functions for learning offsets (∆i) from the spatial
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differences and aligning feature with the learned offsets, re-
spectively. In this work, fa(·) and fo(·) are implemented
using deformable convolutions [10,52], followed by activa-
tion and standard convolutions of the same kernel size.

upsample
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Figure 4: Feature Alignment Module. The offset fields
have the same spatial resolution with the input and 2N
channels corresponding to N 2D offsets. Specifically, N
denotes a convolutional kernel of N sample locations, e.g.
N is equal to 9 for a 3× 3 conv, and each value in the n-th
offset filed is the horizontal or vertical offset for the n-th
sample point.

Here, we briefly review the deformable convolution [10],
and then explain why it can be used as our feature align-
ment function and provide some important implementation
details. We first define an input feature map ci ∈ RHi×Wi

and a k × k conv layer. Then, the output feature at any
position x̂p

* after the convolutional kernel can be obtained
by

x̂p =

N∑
n=1

wn · xp+pn
, (2)

where N is the size of the k × k convolu-
tional layer (i.e. N = k × k), wn and pn

∈ {(−⌊k
2 ⌋,−⌊k

2 ⌋), (−⌊k
2 ⌋, 0), . . . , (⌊

k
2 ⌋, ⌊

k
2 ⌋)} refer

to the weight and the pre-specified offset for the n-th
convolutional sample location, respectively. In addition
to the pre-specified offsets, the deformable convolution
tries to learn additional offsets {∆p1,∆p2, ...,∆pN}
adaptively for different sample locations, and Equation (2)
can be reformulated as

x̂p =

N∑
n=1

wn · xp+pn+∆pn
, (3)

where each ∆pn is a tuple (h,w), with h ∈ (−Hi, Hi) and
w ∈ (−Wi,Wi).

*where p ∈ {(0, 0), (1, 0), (0, 1), . . . , (Hi − 1,Wi − 1)}

When we apply the deformable convolution over the Pu
i

and take the concatenation of Ĉi−1 and Pu
i as the reference

(i.e. offset fields ∆i = fo
(
[Ĉi−1,P

u
i ]
)
), the deformable

convolution can adjust its convolutional sample locations
following the offsets following Equation (1)†, i.e. aligning
Pu

i according to the spatial distance between Ĉi−1 and Pu
i .

3.2. Feature Selection Module

Prior to channel reduction for detailed features, it is vital
to emphasize the important feature maps that contain ex-
cessive spatial details for accurate allocations while sup-
pressing redundant feature maps. Instead of simply using
a 1 × 1 convolution [23], we propose a feature selection
module (FSM) to explicitly model the importance of fea-
ture maps and re-calibrate them accordingly.

𝐶!
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𝑓"

Figure 5: Feature Selection Module. Ci = [c1, c2, . . . ,
cD] and Ĉi = [ĉ1, ĉ2, . . . , ĉD′ ] refer to the input and output
feature maps respectively, where cd and ĉd′ ∈ RHi×Wi , D
and D′ denote the input and output channels, respectively.
u = [u1, u2, . . . , uD] is the feature importance vector, where
ud represents the importance of the d-th input feature map.
fm and fs represent the feature importance modeling and
feature selection layer, respectively. See text for details.

The general dataflow of the proposed FSM is presented
in Figure 5. To begin with, the global information zi of each
input feature map ci is extracted by a global average pool-
ing operation, while a feature importance modeling layer
fm(·) (i.e. a 1× 1 conv layer followed by a sigmoid activa-
tion function) learns to use such information for modeling
the importance of each feature map and outputs an impor-
tance vector u. Next, the original input feature maps are
scaled with the importance vector, and then the scaled fea-
ture maps are added to the original feature maps, referred
as rescaled feature maps. Finally, a feature selection layer
fs(·) (i.e. a 1 × 1 conv layer for efficiency) is introduced
over the rescaled feature maps, which is used to selectively
maintain important feature maps and drop useless feature
maps for channel reduction. Overall, the process of FSM
can be formulated as

Ĉi = fs(Ci + u ∗Ci),

u = fm(z),
(4)

†Following the convention of the deformable convolution, this study
adopts 3× 3 as the kernal size for fa(·) and fo(·).
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where z = [z1, z2, . . . , zD] and is calculated by

zd =
1

Hi ×Wi

Hi∑
h=1

Wi∑
w=1

cd(h,w). (5)

It is worth mentioning that the design of our FSM is mo-
tivated by the squeeze-and-excitation (SE) [16]. The main
difference lies in the additional skip connection introduced
between the input and scaled feature maps (Figure 5). Em-
pirically, we find that lower bounding the scaled feature
(through the skip connection) is essential, which avoids
any particular channel responses to be over-amplified or
-suppressed. Conceptually, both of these two modules
learn to adaptively re-calibrate channel-wise responses by
channel attention. However, SE is conventionally used in
the backbone for enhancing feature extraction, while FSM
is used in the neck (i.e. top-down pathway) for enhanc-
ing multi-scale feature aggregation. Additionally, the se-
lected/scaled features from FSM are also supplied as refer-
ences to FAM for learning alignment offsets.

4. Experiments

In this section, we first briefly introduce the benchmark
datasets studied in this work, followed by the implementa-
tion and training details. We then evaluate the performance
of the proposed FaPN on four dense image prediction tasks,
including object detection, semantic, instance and panoptic
segmentation. Ablation studies demonstrating the effective-
ness of each component in FaPN are also provided. More-
over, we incorporate our proposed FaPN with lightweight
backbones and evaluate its efficacy under real-time settings.

Datasets: We consider four widely-used benchmark
datasets to evaluate our method, including MS COCO [24]
for object detection, instance and panoptic segmentation;
Cityscapes [9], COCO-Stuff-10K [3] and ADE20K [51] for
semantic segmentation.

MS COCO consists of more than 100K images contain-
ing diverse objects and annotations, including both bound-
ing boxes and segmentation masks. We use the train2017
set (around 118K images) for training and report results on
the val2017 set (5K images) for comparison. For both ob-
ject detection and instance segmentation tasks, there are 80
categories; and for panoptic segmentation task, there are 80
things and 53 stuff classes annotated.

Cityscapes is a large-scale dataset for semantic under-
standing of urban street scenes. It is split into training, val-
idation and test sets, with 2975, 500 and 1525 images, re-
spectively. The annotation includes 30 classes, 19 of which
are used for semantic segmentation task. The images in this
dataset have a higher and unified resolution of 1024×2048,
which poses stiff challenges to the task of real-time seman-
tic segmentation. For the experiments shown in this part, we

only use images with fine annotations to train and validate
our proposed method.

COCO-Stuff-10K contains a subset of 10K images from
the COCO dataset [24] with dense stuff annotations. It is a
challenging dataset for semantic segmentation as it has 182
categories (91 thing classes plus 91 stuff classes). In this
work, we follow the official split – 9K images for training
and 1K images for test.

ADE20K is a challenging scene parsing dataset that con-
tains 20k images for training and 2k images for validation.
Images in the dataset are densely labeled as hundreds of
classes. In this work, only 150 semantic categories are se-
lected to be included in the evaluation.

Implementation details: Following the original work
of FPN [23], we use ResNets [15] pre-trained on Ima-
geNet [11] as the backbone ConvNets for the bottom-up
pathway. We then replace the FPN with our proposed FaPN
as the top-down pathway network. Next, we connect the
feature pyramid with the Faster R-CNN detector [40] for
object detection, and Mask R-CNN (with PointRend mask-
ing head [20]) for segmentation tasks.

For performance evaluation, the Average Precision (AP)
is used as the primary metric for both object detection and
instance segmentation. We evaluate AP on small, medium
and large objects, i.e. APs, APm, and APl. Note that APbb

and APmask denote AP for bounding box and segmenta-
tion mask, respectively. The mean Intersection-over-Union
(mIoU) and the Panoptic Quality (PQ) are two primary met-
rics used for semantic and panoptic segmentation, respec-
tively. Additionally, we also use PQSt and PQTh metrics to
evaluate stuff and thing performances separately for panop-
tic segmentation.

4.1. Ablation Study

We first breakdown the individual impacts of the two
components introduced in FaPN, i.e. the feature alignment
and selection modules. Using ResNet50 as the bottom-up
backbone, we evaluate on Cityscapes for semantic segmen-
tation. Table 1 shows the improvement in accuracy along
with the complexity overheads measured in #Params.

Evidently, with marginal increments in model size,
our proposed feature alignment module alone significantly
boosts the performance of the original FPN [23], yielding
an improvement of 2.3 points in mIoU. In particular, our
method (80.0@33.1M) is significantly more effective than
naively expanding either i) the #Params of FPN by extra
3×3 conv. (77.5@33.4M) or ii) the capacity of the back-
bone from R50 to R101 (78.9@47.6M). Empirically, we ob-
serve that a naive application of SE [16] (for feature selec-
tion) adversely affects the performance, while our proposed
FSM provides a further boost in mIoU.

Recall that the misalignment in this work refers to the
spatial misalignment of features induced during the ag-
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Table 1: Ablative Analysis: Comparing the performance
of our FaPN with other variants on Cityscapes for semantic
segmentation. † denotes placing FAM after feature fusion.
“deconv” refers to the deconvolution which is a learnable
upsample operation. The relative improvements/overheads
are shown in parenthesis.

method backbone #Params (M) mIoU (%)
FPN R50 28.6 (+4.5) 77.4 (+2.6)
FPN + extra 3×3 conv. R50 33.4 (-0.3) 77.5 (+2.5)
FPN R101 47.6 (-14.5) 78.9 (+1.1)
FPN + FAM R50 31.7 (+1.4) 79.7 (+0.3)
FPN + FAM + SE R50 33.1 (+0.0) 78.8 (+1.2)
FPN + FAM + FSM (FaPN) R50 33.1 (+0.0) 80.0 (+0.0)
FPN + deconv + FSM R50 32.7 (+0.4) 76.7 (+3.3)
FPN + FAM† + FSM R50 32.7 (+0.4) 79.3 (+0.7)

gregation of multi-resolution feature maps (i.e., top-down
pathway in FPN), particularly around object boundaries.
One plausible cause relates to the non-learnable nature
of commonly-used upsampling operations (e.g., bilinear).
However, simply swapping it to a learnable operation (e.g.,
deconvolution) is insufficient, suggesting the need of bet-
ter engineered methods. This reinforces the motivation of
this work. Instead of performing the feature alignment be-
fore feature fusion, we place our FAM after feature fusion,
in which our FAM learns the offsets from the fused fea-
tures instead. Although this variation performs better than
all other variants, it is still substantially worse than the pro-
posed FaPN, which reiterate the necessity of feature align-
ment before fusion.

4.2. Boundary Prediction Analysis

We provide the mIoU over the boundary pixels‡ in Ta-
ble 2. Evidently, our method achieves a substantially better
segmentation performance than FPN on boundaries. More-
over, we visualize the input (upsampled features Pu

2 ) to
and the output (aligned features P̂u

2 ) from the last feature
alignment module in FaPN-R50 (Figure 6) to perceive the
alignment corrections made by our FAM. In contrast to the
raw upsampled features (before FAM) which are noisy and
fluctuating, the aligned features are smooth and containing
more precise object boundaries. Both the quantitative eval-
uation and qualitative observation are consistent and sug-
gest that FaPN leads to better predictions on the boundaries.
More visualizations are provided in Figure 2.

4.3. Main Results

In this section, we present the detailed empirical compar-
isons to FPN [23] on four dense prediction tasks, including
object detection, semantic, instance and panoptic segmen-
tation in Table 3 - 6, respectively.

‡we consider n pixels around the outline of each object to be boundary
pixels, where n can be one of [3, 5, 8, 12].

Table 2: Segmentation Performance around Boundaries:
Comparing the performance of our FaPN with the origi-
nal FPN [23] in terms of mIoU over boundary pixels on
Cityscape val with different thresholds on boundary pixels.

method backbone 3px 5px 8px 12px mean
FPN PointRend [20] 46.9 53.6 59.3 63.8 55.9
FaPN R50 49.2 56.2 62.0 66.4 58.5
improvement (+2.3) (+2.6) (+2.7) (+2.6) (+2.6)
FPN PointRend [20] 47.8 54.6 60.5 64.9 57.0
FaPN R101 50.1 57.1 62.9 67.2 59.3
improvement (+2.3) (+2.5) (+2.4) (+2.3) (+2.3)

Ground truth Before alignment (𝑃!") After alignment (𝑃"!")

Figure 6: Visualization of the input (upsampled features) to
and the output (aligned features) from our FAM. Zoom in
for better details.

In general, FaPN substantially outperforms FPN on all
scenarios of tasks and datasets. There are several detailed
observations. First, FaPN improves the primary evaluation
metrics by 1.2 - 2.6 points over FPN on all four tasks with
ResNet50 [15] as the bottom-up backbone. Second, the
improvements brought by FaPN hold for stronger bottom-
top backbones (e.g. ResNet101 [15]) with a longer train-
ing schedule of 270K iterations. Third, the improvement
from FaPN extends to more sophisticated mask heads, e.g.
PointRend [20], on instance segmentation, as shown in Ta-
ble 5 (bottom section).

Table 3: Object Detection: Performance comparisons on
MS COCO val set between FPN and FaPN.

method backbone APbb APbb
s APbb

m APbb
l

FPN Faster R-CNN [40] 37.9 22.4 41.1 49.1
FaPN (ours) R50 39.2 24.5 43.3 49.1
improvement (+1.3) (+2.1) (+2.2) (+0.0)
FPN Faster R-CNN [40] 42.0 25.2 45.6 54.6
FaPN (ours) R101 42.8 27.0 46.2 54.9
improvement (+0.8) (+1.8) (+0.6) (+0.3)
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Figure 7: Example pairs of results comparing FPN [23] and our FaPN. Images are randomly chosen from [24]. Best view
in color and zoom in for details.

Table 4: Semantic Segmentation: Performance compar-
isons on Cityscapes val set between FPN and FaPN.

method backbone mIoU iIoU IoU_sup iIoU_sup
FPN PointRend [20] 77.4 58.5 89.9 76.9
FaPN (ours) R50 80.0 61.3 90.6 78.5
improvement (+2.6) (+2.8) (+0.7) (+1.6)
FPN PointRend [20] 78.9 59.9 90.4 77.8
FaPN (ours) R101 80.1 62.2 90.8 78.6
improvement (+1.2) (+2.3) (+0.4) (+0.8)

Table 5: Instance Segmentation: Performance compar-
isons on MS COCO val set between FPN and FaPN.

method backbone APmask APmask
s APbb APbb

s

FPN Mask R-CNN [13] 35.2 17.1 38.6 22.5
FaPN (ours) R50 36.4 18.1 39.8 24.3
improvement (+1.2) (+1.0) (+1.2) (+1.8)
FPN Mask R-CNN [13] 38.6 19.5 42.9 26.4
FaPN (ours) R101 39.6 20.9 43.8 27.4
improvement (+1.0) (+1.4) (+0.9) (+1.0)
FPN PointRend [20] 36.2 17.1 38.3 22.3
FaPN + PR (ours) R50 37.6 18.6 39.4 24.2
improvement (+1.4) (+1.5) (+1.1) (+1.9)

In particular, we notice that the improvement is larger
on small objects (e.g. APbb

s , APmask
s ). For instance, FaPN

improves the bounding box AP on small objects by 2.1
points and 1.8 points over FPN on MS COCO object de-
tection and instance segmentation, respectively. Concep-
tually, small objects occupy fewer pixels in an image, and
most of pixels are distributed along the object boundaries.

Table 6: Panoptic Segmentation: Performance compar-
isons on MS COCO val set between FPN and FaPN.

method backbone PQ mIoU PQSt APbb PQTh

FPN PanopticFPN [18] 39.4 41.2 29.5 37.6 45.9
FaPN (ours) R50 41.1 43.4 32.5 38.7 46.9
improvement (+1.7) (+2.2) (+3.0) (+0.9) (+1.0)
FPN PanopticFPN [18] 43.0 44.5 32.9 42.4 49.7
FaPN (ours) R101 44.2 45.7 35.0 43.0 50.3
improvement (+1.2) (+1.2) (+2.1) (+0.6) (+0.6)
FPN PanopticFCN [22] 41.1 79.8 49.9 30.2 41.4
FaPN (ours) R50 41.8 80.2 50.5 30.8 42.0
improvement (+0.7) (+0.4) (+0.6) (+0.6) (+0.6)
FPN PanopticFCN [22] 42.7 80.8 51.4 31.6 43.9
FaPN (ours) R50-600 43.5 81.3 52.1 32.3 53.5
improvement (+0.8) (+0.5) (+0.7) (+0.7) (+0.6)

Hence, it is vital to be able to correctly classify the bound-
aries for small objects. However, as features traverse the
top-bottom pathway through heuristics-based upsampling
operations (e.g. FPN uses nearest neighbor upsampling),
shifts in pixels (i.e. misalignment) are foreseeable and the
amount of shifts will accumulate as the number of upsam-
pling steps increases. Hereby, the severity of the misalign-
ment will reach its maximum at the finest feature maps in
the top-down pathway pyramid, which are typically used for
detecting or segmenting small objects, resulting in a sig-
nificant degradation in performance. On the other hand,
FaPN performs feature alignment progressively which in
turn alleviates the misalignment at the finest level step by
step, and thus achieves significant improvements on small
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objects compared to the FPN [23]. Qualitative improve-
ments are also evidenced in Figure 7. Finally, we incorpo-
rate FaPN into MaskFormer [8], and demonstrate that FaPN
leads to state-of-the-art performance on two complex se-
mantic segmentation tasks, i.e. ADE20K and COCO-Stuff-
10K, as shown in Table 7.

Table 7: Comparison to SOTA on (a) ADE20K val and
(b) COCO-Stuff-10K test. We report both single-scale
(s.s.) and multi-scale (m.s.) semantic segmentation per-
formance. Backbones pre-trained on ImageNet-22K are
marked with †. Our results are highlighted in shade.

(a) ADE20K val

method backbone crop size mIoU (s.s.) mIoU (m.s.)
OCRNet [48] R101 520× 520 - 45.3
AlignSeg [17] R101 512× 512 - 46.0
SETR [50] ViT-L† 512× 512 - 50.3
Swin-UperNet [27] Swin-L† 640× 640 - 53.5
MaskFormer [8] Swin-L† 640× 640 54.1 55.6
MaskFormer + FaPN Swin-L† 640× 640 55.2 56.7

(b) COCO-Stuff-10K test

method backbone crop size mIoU (s.s.) mIoU (m.s.)
OCRNet [48]

R101
520× 520 - 39.5

MaskFormer [8] 640× 640 38.1 39.8
MaskFormer + FaPN 640× 640 39.6 40.6

Overall, extensive comparisons on scenarios comprised
of different tasks and datasets have confirmed the effective-
ness of our proposed FaPN for dense image prediction. A
straightforward replacement of FPN with FaPN achieves
substantial improvements without bells and whistles. The
generality and flexibility to different bottom-up backbones
or mask heads have further strengthened the practical utili-
ties of FaPN.

4.4. Real-time Performance

Driven by real-world applications (e.g., autonomous
driving), there are growing interests in real-time dense pre-
diction, which requires the generation of high-quality pre-
dictions with minimal latency. In this section, we aim to
investigate the effectiveness of our proposed FaPN under
real-time settings, i.e. inference speed ≥ 30 FPS. The full
details are provided in the supplementary materials.

We compare our FaPN with state-of-the-art real-time se-
mantic segmentation methods on Cityscapes and COCO-
Stuff-10K in Table 8, in terms of accuracy (mIoU) and infer-
ence speed (FPS). In general, we observe that a straightfor-
ward replacement of FPN with the proposed FaPN results
in a competitive baseline against other dedicated real-time
semantic segmentation methods.

In particular, on Cityspaces, FaPN-R18 runs 2× faster
than SwiftNet [38], while maintaining a similar mIoU per-
formance. In addition, with a larger backbone and in-
put size, FaPN-R34 achieves a competitive mIoU of 78.1

points on the test split, in the same time outputting 30 FPS.
On the more challenging COCO-Stuff-10K, our FaPN also
outperforms other existing methods by a substantial mar-
gin. Specifically, FaPN-R34 outperforms BiSeNetV2 [46]
in both segmentation accuracy measured in mIoU and infer-
ence speed.

Table 8: Real-time semantic segmentation on (a)
Cityscapes and (b) COCO-Stuff-10K. † denotes a method
with a customized backbone. Our results are highlighted in
shade.

(a) Cityscapes

method backbone crop size FPS mIoU (val) mIoU (test)
ESPNet [35] † 512× 1024 113 - 60.3
ESPNetV2 [36] † 512× 1024 - 66.4 66.2
FaPN R18 512× 1024 142 69.2 68.8
BiSeNet [47] R18 768× 1536 65.6 74.8 74.7
FaPN R18 768× 1536 78.1 75.6 75.0
SwiftNet [38] R18 1024× 2048 39.9 75.4 75.5
ICNet [49] R50 1024× 2048 30.3 - 69.5
FAPN R34 1024× 2048 30.2 78.5 78.1

(b) COCO-Stuff-10K

method backbone crop size FPS mIoU (val)
BiSeNet [47] R18

640× 640

- 28.1
BiSeNetV2 [46] † 42.5 28.7
ICNet [49] R50 35.7 29.1
FaPN R18 154 28.4
FaPN R34 110 30.3

5. Conclusion
This paper introduced Feature-aligned Pyramid Network

(FaPN), a simple yet effective top-down pyramidal architec-
ture to generate multi-scale features for dense image pre-
diction. It is comprised of a feature alignment module that
learns transformation offsets of pixels to contextually align
upsampled higher-level features; and a feature selection
module to emphasize the lower-level features with rich spa-
tial details. Empirically, FaPN leads to substantial and con-
sistent improvements over the original FPN on four dense
prediction tasks and three datasets. Furthermore, FaPN im-
proves the state-of-the-art segmentation performance when
integrated in strong baselines. Additionally, FaPN can be
easily extended to real-time segmentation tasks by pairing
it with lightweight backbones, where we demonstrate that
FaPN performs favorably against dedicated real-time meth-
ods. In short, given the promising performance on top of a
simple implementation, we believe that FaPN can serve as
the new baseline/module for dense image prediction.
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