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B1CSNet: A Bidirectional Cross-Scale Backbone for
Recognition and Localization

Song Peng™, Zhenfeng Shao™', Xiao Huang

Abstract— Recognition and localization models can be gener-
ally decomposed into three components: encoder, decoder, and
task head. In this paper, we rethink the necessity of decoder, as we
observe that it brings additional computational and parametric
burden. We thus propose to remove the decoder and present
a bidirectional cross-scale architecture that is able to obtain
rich semantic information and precise localization in a unified
backbone. Extensive experiments demonstrate that, different
from common encoder-decoder models and other down-sampling
and up-sampling backbones, the proposed BiCSNet achieves
improved performances compared to existing architectures for
pixel-level tasks. In object detection, our BiCSNet brings signif-
icant performance improvement by ~ 3% AP at various scales
with 13% - 23% fewer FLOPS, compared with ResNet-FPN
models on COCO dataset. In Instance segmentation, the AP
can be improved by 1% over SpineNet. BiCSNet is also
promising for semantic segmentation tasks, as the proposed
BiCSNet pre-trained on ImageNet alone significantly outperforms
DeepLabv3 pre-trained on both ImageNet and COCO dataset by
1.3% in mIOU with 89% fewer FLOPs on PASCAL VOC 2012.

Index Terms— BiCSNet, backbone, CNN, image classification,
semantic segmentation, object detection one-device network.

I. INTRODUCTION

ITH the development of deep convolutional networks,
Wtremendous progress has been made in recognition
and localization tasks in the past few years. Using only
the backbone designed for classification is not suitable for
the pixel-level task that requires both semantic information
and localization information. The Feature Pyramid Network
(FPN) [1] is an important mechanism proposed to improve
the capability of generating high-level semantic features.
NAS-FPN [2], BiFPN [3], and other similar works [4]—[8]
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Fig. 1. Performance and computational percentage of FPNs of the whole
model. Despite FPN-like architectures can bring performance improvement,
they are computationally expensive as they take most FLOPs of the whole
model.

have proved that strengthening FPN is equally important as
strengthening backbones for object detection and segmenta-
tion tasks. However, strengthening FPN leads to additional
computational and parametric burdens as shown in Figure 1.
The popular BiFPN and NAS-FPN consume about half of the
computation of the whole model. Despite the wide usage of
the FPN, designing a new architecture that can replace the
existing backbones and complex FPNs is needed.

In view of the above concerns, we rethink the design
paradigm for recognition and localization tasks. In particular,
we consider the following three fundamental questions. (i) Is
the backbone followed by a FPN an efficient design paradigm
for simultaneous recognition and localization? (ii) Can we
retain spatial information as backbone grows deeper when
scale-decrease backbone unavoidably discards spatial informa-
tion via down-sampling? (iii) The above concerns motivate
us to rethink the classic design paradigms, as they suffers
from high computational complexity. Can we design a new
backbone with high performance and less computation?

For the first question, given the computational-demanding
of FPNs, we naturally think of omitting this inefficient struc-
ture. For the last two questions, SpineNet [9] proposes a
scale-permuted main architecture to retain spatial information.
Meanwhile, FishNet [10] and HourglassNet [11] propose a
down-sampling and up-sampling main architecture to improve
the performance in pixel-level tasks. However, we observe
that the scale-permuted architectures often ignore the spa-
tial information and feature details, leading to unsatisfactory
performances in instance segmentation tasks. Meanwhile, the
classic down-sampling and up-sampling main architectures are
inefficient in the resizing operation and their performance on
object detection is limited.
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Motivated by the above limitations, we propose a bidirec-
tional main architecture that down-samples and up-samples
features efficiently and preserves more spatial information in
the meantime. The overall architecture is shown in Figure 3d.
To learn more expressive spatial representation, the feature
maps in our model are able to go across feature scales to
facilitate multi-scale feature fusion. In addition, to reduce
the computational burden of resizing operation, we apply the
Spatial Fusion Modules to reduce feature dimension before
the resizing operation and capture global information simul-
taneously. From the above designs, we present and evaluate a
new backbone design, termed BiCSNet. Inspired by the recent
success of [3], [12], and by further inspecting the performance
of our proposed architecture, we apply RetinaNet, an one-stage
detector, in our experiments. Importantly, we remove the FPN
between the backbone and the detector and directly connect the
output from BiCSNet to its following localization regression
and recognition subnets. Figure 2 summarizes the performance
on COCO [13]. Our BiCSNet achieves more than 3% AP
improvement over ResNet-FPN with 13% - 23% FLOPS
reduction. When we apply BiCSNet to instance segmentation
tasks, it surpasses the SpineNet by 1% AP. Particularly,
when we apply BiCSNet to DeepLabv3 [14], our BiCSNet
significantly outperforms Dilated-ResNet-101 by 1.3 % mIOU
with (using) 89 % fewer FLOPs on Pascal VOC 2012 val
set. This paper further evaluates BiCSNet on ImageNet [15]
and iNaturalist [16] dataset. The results on these two datasets
suggest that BiCSNet presents comparable accuracy but with
fewer FLOPs than ResNet on image classification tasks.

The main contributions of this work are listed below.

o Our results advocate a rethinking of the design paradigm
for object detection. We find that the FPN-like networks
are computationally expensive, as the FPN components
consume most FLOPs of the whole model.

e Our proposed bidirectional cross-scale architecture
outperforms other down-sampling and up-sampling back-
bones. Moreover, BICSNet models omit the FPNs, lead-
ing to improved efficiency (fewer FLOPS) compared to
other FPN-based models.

« We verify the effectiveness of BiCSNet by applying it to
variety of tasks, e.g., objection detection, image classifi-
cation, semantic segmentation, and compare it with well-
designed ResNet [17], SpineNet [9] and FishNet [10].
Improved performances are found for our BiCSNets with
various configurations compared to prior arts.

II. RELATED WORK
A. Multi-Scale Feature Fusion

Our bidirectional cross-scale architecture is inspired by
Feature Pyramid Networks (FPN) [1], an efficient decoder
architecture that fuses multi-scale features from the encoder
designed for image classification. Instead of utilizing features
from the encoder directly [18], [19], FPN adds a top-down
pathway to fuse features at different stages. However, a top-
down pathway can potentially lead to reduced location accu-
racy. To solve this issue, PANet [20] adds an extra bottom-up
path to the top of the FPN. NAS-FPN [2] and Auto-FPN [21]
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Fig. 2. FLOPs vs. Accuracy on COCO dataset. More details regarding

training settings and model performances can be found in Section V-A3 and
Table II, respectively.

apply Neural Architecture Search (NAS) [22] to find the
optimal FPN architecture. EfficientDet [3] further improves the
feature representation by proposing a simplified FPN structure,
named BiFPN. [23] uses a multi-scale high-level semantic
network for object detection. [24] proposes a novel scheme
to selectively extract multi-scale context with captive attention
weights and designs an efficient selective context network for
accurate object detection. [25] regards the occlusion pattern
discovery as a facility location problem, while [26] intro-
duces the deformable subnetwork (DSN) and deformable part-
based model (DPM) in a deep object detection framework.
While these four studies focus on solving local problems, our
BiCSNet is a general backbone that applies multi-scale feature
fusion with strong location information capturing capability.
It has a higher object accuracy and is more efficient than the
above four works on the COCO dataset.

B. The Encoder for Recognition and Localization

Since deep convolutional neural networks have been
applied to localization tasks, the backbones have been
proved to be an essential component to extract basic
features for object detection. Following R-CNN [18],
most of the recently proposed detectors use the backbone
architecture pre-trained on ImageNet [5], a dataset designed
for classification tasks. For instance, VGG [27], ResNet [17],
MobileNet [28], EfficientNet [29], and ResNetXt [30]
are widely adopted in current state-of-the-art detectors as
backbones for localization tasks. Efforts have been made to
improve model performance by increasing depth [17], [31],
adding attention modules [32]-[36], [73], [74], leveraging
novel basic blocks [30], [37]-[39], and applying efficient
scaling [28], [29]. Some works [40]—[42] have demonstrated
that a model with higher accuracy in upstream tasks can
achieve higher accuracy in the downstream tasks as well.

However, as most backbones are designed for image clas-
sification tasks, they may not be suitable for object detec-
tion tasks, despite the efforts to incorporate the decoder
architecture. DetNet [43] proposes a backbone with atrous
convolution networks designed specifically for localiza-
tion. DetectoRS [6] feedbacks features from FPN into the
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(a) R50-FPN @38.0% AP

(b) FishNet-150@40.6% AP

Fig. 3.
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(c) SpineNet-49 @41.2% AP (d) BiCSNet-48 @42.6% AP

Illustration of different types of backbones. (a) The classic R50-FPN model achieves 38.0% AP; (b) FishNet-150 that concatenates equal-level

features, achieves 40.6% AP; (c) The SpineNet-49 architecture that applies NAS to build a scale-permuted architecture, achieves 41.2% AP; (d) The BiCSNet-48
architecture achieves 42.6% AP, an improvement of 1.4% AP compared to prior art SpineNet. Rectangle blocks represent bottleneck blocks and diamond
blocsk represent residual blocks. The dashed line and solid line represent the concatenation and element-wise addition respectively. We use the Spatial Fusion
Module to fuse the features from different scales. The length of the block represents different scales (from level 2 to level 7). Different color blocks represent

different scale sizes.

scale-decreased backbone layer to enhance the performance
in object detection and instance segmentation tasks. To fur-
ther improve the model performance in localization tasks,
SpineNet [9] applies Neural Architecture Search that aims to
learn a scale-permuted architecture. Stack Hourglass [11] and
FishNet [10] repeat down-sampling and up-sampling pathways
with skip connections. More recent advances can be found in
recent survey papers [8], [44], [45]. Different from previous
methods, this paper tries to omit the FPNs and design a back-
bone that can retain strong semantic information and precise
localization information efficiently for pixel-level tasks.

III. BICSNET ARCHITECTURES

The architecture of the proposed backbone model consists
of a bidirectional network and three cross-scale pathways.
We describe the bidirectional network in Section III-A and
three cross-scale pathways in Section III-B. We further pro-
pose a Spatial Fusion Module to merge features from the
bidirectional network and cross-scale pathways as described in
Section III-C. Finally, we develop a new family of backbone
for recognition and localization based on the basic BICSNet-48
structure, described in Sections III-D.

A. Bidirectional Network

How to recover spatial information that is important for
pixel-level tasks if we omit the increasingly complex FPNs?
We argue that a new backbone should be able to retain spatial
information and semantic information simultaneously. The
proposed bidirectional network down-samples features step
by step and up-sample features immediately following the
down-sampling operations to recover the spatial information.
It further down-samples features again to enlarge the field-
of-view and expand the model depth. Furthermore, we do
not stack the features in the same stage, as we find that
same-stage feature stacking is inefficient. Let x;, denote the

output features from stage L and v,; denote the features from
the cross-scale pathways. i, j € (Lmin, Lmin+1,---»> Lmax)-
We set the minimum level as 3 and the maximum level as 7.
Features in the bidirectional network can be represented as:

xp; = T(D(xg;y),0L;) = T(x}ai—l +or,) M
\:

xr, oy = T(up(xr,),oL;) = T(le; +o;) @)
"

xp; = T(D(xg;y),0L;) = T(x}ai—l +or,) 3)

where D denotes the function that down-samples the features.
In our implementation, we set D as a 1 x 1 convolution fol-
lowed by a convolution with 3 x 3 filters and stride of 2. The 7°
denotes the basic blocks (residual blocks or bottleneck blocks
presented in ResNet [17]). We use element-wise addition to
fuse x1, and vy ;. Particularly, we denote the formula (1)-(3)
as Down-Sampling Part, Up-Sampling Part and the End Down-
Sampling Part, respectively.

We remove the decoder structures commonly used in
object detection and semantic segmentation tasks. Existing
encoder structures are designed for scale-decreased backbones
(e.g.ResNet, EfficientNet, ResNeXt, et al. ), unavoidably lead-
ing to location information loss. Existing decoder structures
are adopted as a strategy to recover the location informa-
tion, unavoidably demanding extra computational resources.
In comparison, our bidirectional network enables the retain-
ment of location information and deep semantic information
in a unified backbone, which makes it distinct from existing
structures applied to object detection and semantic segmenta-
tion tasks.

B. Cross-Scale Pathways

Cross-scale feature fusion is a commonly used mechanism
to capture subtle local differences through frequent resolution
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Fig. 4. Spatial Fusion Module. that aims to re-sample features from different scales to a target scale. With spatial reduction ratio y, the computational/memory
cost of our BiCSNet is much lower than FishNet, indicating that our proposed BiCSNet is more friendly for practical usage.

changes. Incorporating its concept, we propose three cross-
scale pathways, respectively termed as Gap-Connection, Skip-
Connection, and Long-Range Gap-Connection.

1) Gap-Connection:  Inspired by the success of
shortcut-connection in ResNet [17], we propose a similar
connection structure, named Gap-Connection, to avoid
gradient-vanishing when we scale our base BiCSNet-48 to
a deeper model. Gap-Connection is an intuitive and simple
connection style that feeds features from a low-level stage to
a high-level stage. The operation of Gap-Connection can be
formulated as:

XL; = T(XLZ» + D(XL,;z)) (4)

The yellow arrow in Figure 3 illustrates the structure of the
Gap-Connection.

2) Skip-Connection: ~ Our intuition for  applying
Skip-Connection is simple. When we use the nearest-neighbor
interpolation for up-sampling in the Up-Sampling Part, the
resizing operation may lead to the loss of certain characteristic
information. To solve this problem, we use Skip-Connection
to merge features at the same level to mitigate the information
loss. The operation of skip-connection can be formulated as:

xr, = T(xp, +x),) 5)

where x’L[ is the output feature in i level from Down-Sampling
Part. The green arrow in Figure 3 denotes Skip-Connection.

3) Long-Range  Gap-Connection:  Similar to  Gap-
Connection, we adopt Long-Range Gap-Connection to
fuse output features from the Up-Sampling Part and the
End Down-Sampling Part. The operation of Long-Range
Gap-Connection can be formulated as:

XL, = T(le, + D(x}‘H)) 6)

where xZi denotes the input feature at i th level from the End
Down-Sampling Part. The blue arrow in Figure 3 illustrates the
structure of the Long-Range Gap-Connection. In the ablation
study (Section V-G), we show the performance of BiCSNet
with and without one of these aforementioned cross-scale
pathways.

C. Spatial Fusion Module

Fusing features at different scales towards the target scale
is critical. To address this challenge, we propose a Spatial
Fusion Module to transform features with varying dimensions
to the required scale. As shown in Figure 4, C; indicates a
convolution with a feature dimension of 3 x 3 in a residual or
bottleneck block. The C" and C°“ represent the input and
output feature dimension of a block, respectively. To further
reduce computation, we squeeze the dimension in this module
with a scaling factor y. y C represents the rescaled output
feature C°'. To retain global information in each block,
we insert two global-context mechanisms, one before and
one after the resizing operation. Different from the original
SENet [32] formulation, we remove the excitation-block, as [6]
has shown that it fails to improve the performance on object
detection tasks. Following the global-context mechanism, a
1 x 1 convolution is added to adjust the feature dimension to
the target dimension. Then we use an up-sampling or a down-
sampling operation to resize the feature map to match the
required size. The up-sampling operation is implemented as
nearest-neighbor interpolation and the down-sampling opera-
tion as a 3 x 3 convolution with stride 2 (followed by a stride-2
max-pooling if necessary). Finally, we fuse the two resized
feature maps with elemental-wise addition.

D. BiCSNets

In order to fairly compare BiCSNet with ResNet and
SpineNet, we adopt the building blocks in ResNet-50 as our
basic blocks. To reduce computation, we replace some bot-
tleneck blocks in the Down-Sampling Part and Up-Sampling
Part with residual bocks. Given that basic blocks connect with
equal-level features, replacing some of them with residual
blocks has a trivial effect on the model. Based on the above
modification, we propose a base model named BiCSNet-48.
Based on BiCSNet-48, we develop a new family of backbones
by repeating the building blocks that achieve a better trade-off
in performance-latency. We construct five architectures named
BiCSNet-485/48/481./94/140. (model scaling is based on the
rule of thumb).Their scale configurations are shown in Table I.
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TABLE I
SCALING CONFIGURATIONS FOR BICSNET 48S-184. INPUT SIZE:
INPUT RESOLUTION. DEPTH REPEAT: NUMBER OF REPEATS FOR EACH
BLOCK IN THE BACKBONE. FEAT. MULTI.: FEATURE DIMENSION
MULTIPLIER IN SPATIAL FUSION MODULE WIDTH MULTI.: WIDTH
MULTIPLIER FOR MODEL WIDTH SCALING

Input Depth  Feat.  Width
size repeat  multi.  multi.
Rinput d Y w

BiCSNet-48S 640 1 0.5 0.75
BiCSNet-48 640 1 0.6 1.0
BiCSNet-48L 896 1 0.6 1.0
BiCSNet-94 1024 2 0.5 1.1
BiCSNet-140 1280 3 1.0 1.0

E. Discussion

The most relevant work to our method is FishNet [10].
We detail the similarities and dissimilarities between them.

Both BiCSNet and FishNet use a down-sampling and
up-sampling architecture to improve performance on pixel-
level tasks. However, they differ in the cross-scale side-
pathways and feature fusing approaches. Similar to the
DenseNet [37], the FishNet uses dense connections to connect
the features in down-sampling and up-sampling parts, and
all connections are at equal level. Moreover, the output of
FishNet is coarse-grained, thus, its output resolution is rela-
tively low(e.g., 32-stride). As a result, FishNet uses FPN to
recover the resolution, resulting in additional computational
demands. In addition, the FishNet stacks features at the same
scale after each down-sampling operation which is inefficiency
to enlarge the field-of-view.

The proposed BiCSNet-48 does not stack features at the
same scale and discards FPNs by introducing a progressive
down-sampling and up-sampling architecture with cross-scale
pathways, which are able to generate multi-scale feature maps
similar to traditional FPNs. In addition, we design a simple
but effective Spatial Fusion Module to transform feature
maps at different scales to a required scale while capturing
global information and reducing computation/memory costs.
Benefiting from the above designs, our proposed architecture
has the following advantages over FishNet: 1) more flexible—
it can generate feature map of different scales without applying
FPN. 2) more versatile— it can be easily plugged in and
played in most pixel-level models. 3) more computationally
friendly—it can process feature maps in a faster manner.

IV. APPLICATION
A. Object Detection and Instance Segmentation

We apply our BiCSNet to two representative models,
namely RetinaNet [12] and Mask R-CNN [58]. We directly use
the output features at stage P; — P; as the input of regression
head or instance segmentation head.

B. Semantic Segmentation

We choose DeepLabv3 [14] as the baseline and omits the
special operations(e.g., dilated convolution). The implement

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 32, NO. 8, AUGUST 2022

detail are list follows: 1)We upsample all feature maps in P3,
P4, P5, P6, P7 to the stride-8 stage P3 via nearest-neighbor
up-sampling and average the up-sampled features as the final
feature map. 2)The number of layers is 2, and the number of
feature dimensions for the semantic segmentation head is 256.

C. Image Classification

While the BiCSNet model is mainly designed for
localization tasks, we are also interested in evaluating their
performance on other computer vision tasks, such as image
classification. Following the [9], we refine features at stages
P4 - P7 to features at stage P3 via nearest-neighbor upsam-
pling. After the refining operation, we obtain the final feature
P by averaging all five features. Then, a reduce mean oper-
ation is applied to generate the input feature vector for the
classification linear layer with a softmax activation.

V. EXPERIMENTS

For object detection, we evaluate our BiCSNet on COCO
2017 dataset [13]. All the models presented in the paper are
trained on the split of train2017. The testing results are
derived from the test-dev split with COCO AP and others
on the val2017 split. For semantic segmentation, we fine-
tune all models from the COCO bounding box detection
pre-trained models on PASCAL VOC 2012 [59] with extra
annotated images from [60]. For image classification, we train
BiCSNet on ILSVRC-2012 [15] and iNaturalist-2018 [16].
We evaluate the performance with Top-1 accuracy and Top-5
accuracy. Lantency is measured with batch size 1 on the same
machine equipped with a Tesla V100 GPU and Xeon CPU.

A. Experimental Settings

1) Object Detection: We rescale the input images
from 640 to 896, 1024, and 1280, following the default
training-time augmentation (flipping and cropping). We strictly
follow the training strategy of [9], denoting as strategy A.
All models are trained on cloud TPU v3 devices using SGD
optimizer with momentum 0.9 and weight decay 4e-5. All
models are trained from scratch on COCO train2017
(118K training images) for 350 epochs with a batch size of
128. The learning rate is linearly increased from 0 to 0.16
from the first 2 epochs. We adopt a stepwise learning rate
schedule with the learning rate decaying to 0.1x and 0.01x
at the last 30 and 10 epochs, respectively. Synchronized
batch normalization is added after every convolution with
0.99 as momentum and le-3 as epsilon. We apply multi-scale
training with a random scale between [0.5,2.0], use ReLU
activation after each BN layer, and employ commonly-used
focal loss [12] with @ = 0.25 and y = 1.5. As for the
implementation of RetinaNet, we set the base anchor to 3 for
BiCSNet-94 (and smaller models), and to 4 for BiCSNet-140
(and other larger models). Strategy A is applied to ablation
experiments and instance segmentation. Following SpineNet,
we adopt strategy B that adds a stochastic depth and replace
the ReLU activation with swish activation [61] with longer
epochs for more competitive results.
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TABLE II
COMPARISON OF MAP AND FLOPS BETWEEN BICSNET AND OTHER STATE-OF-THE-ART HANDCRAFTED NETWORKS AND NAS-BASED ON
COCO DATASET. EXCEPT FOR DETECTRON2 MASK RCNN, OTHERS ARE EVALUATED ON COCO 2017 test-dev SET. BY DEFAULT, WE APPLY
TRAINING STRATEGY B (DESCRIBED IN SECTION V-A3) TO TRAIN RESNET-FPN AND OUR BICSNET. OUR BICSNETS STACKED ON RETINANET
OUTPERFORM HAND CRAFTED AND NAS-BASED BACKBONE WITH FEWER FLOPS

method backbone model resolution #FLOPs | AP APsg AP7s APs APy APp
YOLOV4[46] CSPDarkNet53[47] 320%320 35.5B 377 586 40.1 152 405 55.6
YOLOV4[46] CSPDarkNet53[47] 416x416 60.1B 412 628 443 204 444 560
RetinaNet[12] BiCSNet-48S 640% 640 33.6B 425 614 460 227 456 569
RetinaNet[12] ResNet-50[17] 640640 96.8B 422 620 457 229 448 56.1
YOLOV4[46] CSPDarknet53[47] 512x512 91.1B 430 649 465 243 461 532
YOLOV4[46] CSPDarknet53[47] 608x608 1285B | 435 657 473 267 467 533
YOLOF[48] ResNeXt-101[30] 800x 800 289.0B | 422 62.1 457 232 470 577
ATSS[49] ResNet-101[17] 1333800 - 43,6 621 474 261 470 536
RetinaNet[12] BiCSNet-48 640640 84.8B 455 649 492 265 487 591
CenterNet[50] HRNetV2p-W48[50] 511x511 217.1B | 435 621 465 222 465 578
RetinaNet[12] BiCSNet-48L 896 <896 166.3B | 473 66.7 510 29.1 50.1 599
RetinaNet[12] ResNet-101[17] 1024x1024 | 3259B | 453 655 492 286 491 59.6
Cascade RCNN[52] SPNet-BNB[53] 800x 1333 391.1B | 456 643 496 284 484 60.1
YOLOF[48] X-101-64x4d[30] 800800 289.0B | 47.1 664 512 318 509 60.6
ATSS[49] X-32x8d-101-DCN[30] 1333 %800 - 477 666 521 293 508 594
RetinaNet[12] BiCSNet-94 1024x1024 | 293.8B | 493 69.1 535 315 524 612
RetinaNet[12] ResNet-152[17] 1280x1280 | 630.5B | 472 66.8 514 303 508 58.0
Cascade RCNN[52] SPNet-XB[53] 1280x1280 | 949B 49.1 671 535 310 526 637
Detectron2 Mask RCNN[54] ResNeXt-152[30] 1440x 864 931.3B 50.2 - - - - -

RetinaNet[12] BiCSNet-140 1280x1280 | 520.1B | 50.6 699 547 339 537 62.1

2) Semantic Segmentation: We train the Dilated-ResNet and
BiCSNet with a batch size of 256. The learning rate is linearly
increased from O to 0.02 in the first 1,000 iterations and
annealed down using the cosine decay rule. We train all models
for 20,000 iterations with a fixed crop size of 512 x 512 and
evaluate with metric mIOU.

3) Image Classification: We use a standard size of
224 x 224 as input, and train all models with a batch size
of 1024 for 250 epochs. We adopt simple data augmentation
techniques, such as mean subtract and standardize, random
cropping and horizontal flipping. We replace the stepwise
learning rate with the cosine learning rate decay schedule [62]
(a gradual warmup for 5 epochs is implemented).

B. Object Detection and Instance Segmentation Results

1) COCO Dataset Results: We evaluate the model per-
formance on the bounding box detection and instance

segmentation task from the MS COCO dataset with RetinaNet
and Mask R-CNN as the detector. Table II and Table III sum-
marize the FLOPs and result scores. Overall, the performance
of BiCSNet in object detection and instance segmentation
is better in both accuracy and efficiency than other popular
handcrafted and NAS-designed backbones. Some example
results by our approach are given in Fingure 5.

2) BiCSNet vs. Other Down-Sampling and Up-Sampling
Backbones: We compare our BiCSNet with representative
down-sampling and up-sampling backbones: FishNet [10],
HourglassNet [11], SpineNet [9]. For reference, we also
present the result of ResNet-50-FPN. We train BiCSNet-48,
ResNet-50-FPN, and SpineNet-49 for 72 epochs from Ima-
geNet pre-trained weights, others are retrieved from their
corresponding papers. All models are trained and evaluated on
COCO dataset. Compared to the above backbones, as shown in
Table IV, our BiCSNet(use RetinaNet [12]) outperforms them
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TABLE III
INSTANCE SEGMENTATION AND OBJECT DETECTION RESULTS ON THE COCO DATASET. WE MEASURE THE PERFORMANCE OF BICSNET
FOLLOWING THE TENSORFLOW MODEL GARDEN OFFICIAL MASK R-CNN IMPLEMENTATION WITH 1000 PROPOSALS. WE TRAIN OUR BICSNET WITH
TRAINING STRATEGY A (MARKED BY %) AND TRAINING STRATEGY B (MARKED BY ') AS DESCRIBED IN SECTION V-A3. THE PERFORMANCES OF
SPINENET AND RESNET ARE RETRIEVED FROM SPINENET OFFICIAL IMPLEMENTATION WITH PROTOCOL B. NOTE THAT THE PROTOCOL B IS THE
SAME AS OUR TRAINING STRATEGY A. THE PERFORMANCE OF HTC [55] Is DERIVED FROM RESNEXT101 [56] WITH 2000 PROPOSALS FROM
MMDETECTION [57] OPEN SOURCE REPOSITORY. FLOPS DENOTES THE MULTI-ADDS

Detector Backbone model Resolution | #FLOPs | APma* APy AP™K  APrestdev
Mask R-CNN*  SpineNet-49S 640 %640 60.2B 34.8 39.3 - -
Mask R-CNN*  BiCSNet-48S 640 %640 58.3B 36.2 41.0 - -
Mask R-CNN*  R50-FPN 640 %640 227.7B 37.8 427 - -
Mask R-CNN*  SpineNet-49 640 %640 216.1B 37.8 42.8 - -
Mask R-CNN*  BiCSNet-48 640 %640 193.9B 38.8 437 - -
HTC[55] X-101-32x4d-FPN[55] 1333x800 531.1B 40.5 46.1 - -
Mask R-CNN*  SpineNet-96 1024x1024 | 314.6B 41.2 46.8 - -
Mask R-CNN*  BiCSNet-94 1024 x 1024 313.7B 42.1 47.5 - -
Mask R-CNNT  BiCSNet-140 12801280 | 506.2B | 44.1 49.7 443 49.9

TABLE IV
BICSNET VS. OTHER REPRESENTATIVE DOWN-SAMPLING AND
UP-SAMPLING BACKBONES. THE AP OF OUR BICSNET IS
CONSIDERABLY HIGHER THAN THE SELECTED BACKBONES

Model Lr schd | AP FLOPs(B) | Params
R50-FPN 72e 38.0 96.8 34M
FishNet-150 72e 40.6 - -
HourglassNet-104 | 210e 41.2 453.0 201.M
SpineNet-49 T2e 41.2 85.4 29M
BiCSNet-48 T2e 42.6 84.8 32M

in both AP and efficiency. For example, with fewer FLOPs, our
BiCSNet-48 is at least 2% AP higher than FishNet and at least
4.6% AP higher than ResNet-50-FPN. The results demonstrate
the potential of BiCSNet in serving as a new design paradigm
for recognition and localization tasks.

3) Latency: We also evaluate the inference latency of
BiCSNet in a real-world scenario with a batch size of 1.
We run our model in the same environment as the one in
EfficientDet [3] with an end-to-end object detection pipeline
that includes preprocessing and NMS post-processing.
We also include the latency of the-state-of-the-art models
like SpineNet and EfficientDet, as shown in Figure 6.
The results reveal that our BiCSNet presents an improved
performance-latency trade-off.

C. Semantic Segmentation Results

We present our results on PASCAL VOC 2012 val set
in Table V. The results suggest that BiCSNet-48 is able to

attain comparable mIOU with popular semantic segmentation
networks (Dilated-ResNet-50 with DeepLabv3), at the same
output stride, but with 91% fewer FLOPs. In particular, our
BicsNet-94, pre-trained only on the COCO dataset, outper-
forms Dilated-ResNet-101 with DeepLabv3 pre-trained on
ImageNet and COCO dataset by 1.4 in mIOU with 89% fewer
FLOPs. Some example results by our approach are given in
Fingure 7.

D. BiCSNet for Image Classification

Table VI shows the comparison between the proposed
BiCSNet and ResNet on ImageNet and iNaturalist-2018 [16].
Under the same training strategy, BiCSNet achieves similar
results on ImageNet with considerably fewer FLOPs compared
to ResNet. Note that the output layer in BiCSNet has only
256 dimensions, while the one in ResNet has 2048 dimensions.
To better understand the advantage of BiCSNet in captur-
ing subtle local differences, we test them on a fine-grained
dataset, named iNaturlist-2018, which contains 8,142 classes
with 437,513 training images and 24,426 validation images.
Our BiCSNet outperforms ResNet by 2% in both Top-1 and
Top-5 accuracy, with 16-25% fewer FLOPs and 20-40% fewer
parameters.

E. One-Device Object Detection

We are interested in investigating the performance of our
BiCSNet when combining it with advanced efficient operations
in object detection tasks. Following the [63], we set feature
dimension {16, 24, 40, 80, 112, 112, 112}, expansion ratio
as 6, and replace kernel size greater than 3 to 3 x 3 for
MB-Conv blocks. To further reduce the model parameters,
compared to BiCSNet, The 1 x 1 convolution and squeeze
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Fig. 5.

module are removed. Following [64], we use space-to-depth
operation followed by a stride-2 convolution to preserve
more information and apply the fast normalized fusion strat-
egy introduced in [65] to feature block fusion in BiCSNet.
All basic blocks in BiCSNet are replaced with MB-Conv
blocks, and the basic convolutions in box/class subnets further
replaced with separable convolution. Other settings are the
same as the one in [63]. Based on the above settings, we con-
duct experiments on four one-device encoder-decoder archi-
tectures name BiCSNet-lite0, BiCSNet-litel, BiCSNet-lite2,
and BiCSNet-lite3, by scaling the model width-multiplier
and feature dimension in box/class subnets, as shown in
Table I. We adopt training strategy B with stochastic depth
for 650 epochs. The results are presented in Table VII and
the FLOPs vs. AP curve is plotted in Figure 8. The results
suggest that BICSNet-lite models are able to outperform other
state-of-the-art efficient encoder-decoder architectures by a
considerable large margin. In particular, our BiCSNet-lite3
achieves 34.0% AP with 2.5B FLOPs, surpassing the state-
of-the-art detector EfficientDet-DO.

F. The Advantage of Our BiCSNet

The primary difference between them is the bidirectional
structure. As SpineNet uses NAS to find the appropriate struc-
ture for object detection, its searched structure deeply relies
on the searching spaces and methods. From its performance
on instance segmentation (the AP of SpineNet on instance
segmentation task is similar compared with ResNet), we notice

Qualitative COCO examples from object detection task (middle) and instance segmentation task (right).

A
47 /
o b A
A, 43 7 9 S IRTTR
< A
8 A
8 39 == BiCSNet(485-48L)
== EfficientDet(D1-D3)
= A= SpineNet(495-49)
= A= ResNet-FPN(50-101)
35 '

10 20 30 40 50
V100 batch 1 latency (ms)

Fig. 6. Latency comparison of the proposed BiCSNet and other state-
of-the-art object detectors.The dashed line suggests the latency of model
inference, while the solid line suggests the latency of model inference and
post-processing.

that randomly permuted structures are not suitable for pixel-
wised tasks. Moreover, due to the limited generalization capa-
bility of NAS, additional searches may be needed to obtain
the best structure for different tasks. As a result, it is difficult
to apply SpineNet to various tasks, e.g., instance segmentation
and semantic segmentation.

Different from SpineNet, our BiCSNet omits NAS that
demands massive computing resources. We propose a
bidirectional structure that step-by-step down-samples and
up-samples features, as the randomly scale-permuted structure
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TABLE V
SEMANTIC SEGMENTATION PERFORMANCE OF BICSNET. WE BUILD A PURE DETECTOR BY COMBINING BICSNET AND DEEPLABV3 [14].
ALL MODELS ARE TRAINED WITH THE SAME STRATEGY. OUR BICSNET-94 Is 1.4 % HIGHER IN MIOU THAN

DILATED-RESNET-101 WITH MUCH LOWER FLOPs

Mothod #Param(M) | FLOPs | mIOU(%) GPU LAT(ms) | CPU LAT(s)
R50-D+DeepLabv3 92 393B 79.52 72
BiCSNet-48 41 33B 79.93 (+0.4) | 16 1.6
R101-D+DeepLabv3 | 113 480B 80.50 101
BiCSNet-94 63 82B 81.93(+1.4) 23 2.6

TABLE VI

IMAGE CLASSIFICATION RESULTS ON IMAGENET AND INATURALIST. NETWORKS ARE SORTED IN AN ASCENDING ORDER BASED ON THE NUMBER

OF FLOPS. NOTE THAT THE PENULTIMATE LAYER IN RESNET OUTPUTS A 2048-DIMENSIONAL FEATURE VECTOR FOR THE CLASSIFIER WHILE
BICSNET’S FEATURE VECTOR HAS ONLY 256 DIMENSIONS. ALL MODELS ARE TRAINED WITH THE SAME STRATEGY FOR 250 EPOCHS

Model GPU LAT(ms) ImageNet ILSVRC-2012 (1000-class) iNaturalist-2018 (8142-class)
#FLOPs  #Params Top-1 % Top-5 % | #FLOPs #Params Top-1 %  Top-5 %

ResNet-34 22 3.7B 21.8M 75.0 92.4 3.7B 25.5M 59.4 80.1
ResNet-50 29 4.1B 25.6M 77.1 93.7 4.2B 40.2M 62.5 82.7
ResMLP-S12 | - 3.0B 15M 76.6 93.7 - - 60.2 -
BiCSNet-48 2.5 3.4B 22.5M 77.0 93.5 3.5B 24.0M 64.2(+1.7)  85.0
ResNet-101 53 7.9B 44.6M 78.4 94.3 7.9B 59.2M 64.9 84.8
ResMLP-S12 | - 6.0B 30M 79.4 93.7 - - 64.3 -
BiCSNet-94 4.8 6.6B 41.2M 78.5 94.2 6.6B 43.1M 66.7(+1.8)  86.6
ResNet-152 7.2 11.6B 60.2M 79.0 94.5 11.7B 74.8M 66.0 85.4
BiCSNet-140 | 6.7 8.7B 57.5M 78.9 94.4 8.7B 59.3M 67.7(+1.7) 874

tends to lose pixel-wise details. In addition, our proposed
Spatial Fusion Module is able to capture global information
without demanding additional computation. The advantages
of our BiCSNet in object detection and pixel-wised tasks
have been demonstrated in our experiments. In table III, our
BiCSNet-48 outperforms SpinNet-49 and FishNet in AP and
FLOPs. In table IV, our BiCSNet outperforms SpineNet in
AP in instance segmentation tasks. The proposed BiCSNet
has the following advantages over SpineNet and FishNet:
1) high flexibility—it can generate feature maps of different
scales/channels in different stages; 2) high generalization
capability—it is regarded as a general framework that can be
adapted for different tasks by replacing the existing building
blocks with others (e.g., shuffle blocks and mobile blocks); 3)
less computational/memory demanding—it can handle higher
resolution feature maps or longer sequences.

The strong adaptability of BiCSNet can be attributed to its
bidirectional structure that enables the retainment of sufficient
location information and semantic information, which leads to
its strong capability in handling pixel-wised tasks (e.g.object

detection and semantic segmentation). Besides, the cross-scale
pathways can facilitate the capturing of subtle differences
and localized features. In addition, the spatial fusion module
contributes to global information preservation, which has been
proved to be essential in visual tasks [32].

G. Ablation Studies

1) The Contribution of Bidirectional Architecture: To study
the contribution of the bidirectional architecture, we design
a model named CSNet, to replace the Up-Sampling Part
in BiCSNet with Down-sampling Part. We use the same
cross-scale pathway as BiCSNet proposed and compare it
with SpineNet [9] with a random scale-permutation structure.
All models are trained with training strategy A mentioned in
section V-A3. Table IX shows the performance of each model,
suggesting that the bidirectional structure with cross-scale con-
nection achieves better results than the unidirectional structure
with cross-scale connection.

2) The Contribution of Cross-Scale Feature Fusion and
Spatial Fusion Module: We believe the cross-scale feature
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Fig. 7.

Qualitative segmentation examples from PASCAL-VOC-2012.

TABLE VII
ONE-DEVICE OBJECT DETECTION RESULTS ON COCO. BICSNET-LITE MODELS OUTPERFORM THE OTHER EFFICIENT
ENCODER-DECODER ARCHITECTURES AT VARIOUS SCALES

backbone model #FLOPs  #Params AP APso AP75 APs APy APp
BiCSNet-lite0 0.18B 1.11M | 16.9 29.2 171 2.0 17.0  31.2
MobileNetV3-Small-SSDLite[66] 0.16B 1.77M 16.0 - - - - -
BiCSNet-litel 0.53B 1.31M | 23.7 384 247 71 258 389
MobileV3-SSD 0.51B 322M | 220 - - - - -
MobileNetV2-SSDlite[66] 0.80B 4.3M 22.1 - - - - -
BiCSNet-lite2 1.01B 299M | 285 448 300 92 321 45.9
MobileNetV2-NAS-FPN|2] 0.90B 2.62M | 25.7 - - - - -
MobileNetV2-FPN[67] 1.01B 220M | 243 - - - - -
BiCSNet-lite3 2.50B 3.69M | 34.0 51.7 36.1 157 379 49.5
EfficientDet-D0[65] 2.50B 390M | 335 - - - - -

fusion plays a critical role in model performance. To study
the contribution of each cross-scale feature fusion module in
BiCSNet, we discard each of them separately and test the
performance of the remaining structure. We also test the per-
formance of BiCSNet with FPN. Table X shows the results of
the designed ablation experiment in studying the importance of
cross-scale feature fusion in BiCSNet-48. The results point to

the important role of the Skip-Connection pathway, as model
performance fluctuates the most with or without it. The
inclusion of FPN architecture leads to reduced performance,
presumably due to the damaged topology of the original
model when FPN is attached. The experiment also shows
the importance of SKC. We speculate that this is because
that the up-sample operation (i.e., linear interpolation) drops
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Fig. 9. Ablation studies on training strategies. We begin with 72 epochs
training steps and multi-scale training [0.8, 1.2] as the baseline. Except for the
baseline-result of ResNet-50-FPN, other models are trained from scratch. ms
train: large jitter and extended training steps to 500 epochs. Swish: replacing
ReLU activation with swish. SD: using stochastic depth as the regularization
method. Except for the baseline-result of ResNet-50-FPN, other models are
trained from scratch on COCO-2017 train set and evaluated on COCO-2017
val set.

TABLE VIII

IMPACT OF LONGER TRAINING EPOCHS USING ADVANCED TRAINING
STRATEGIES MENTIONED IN SECTION 9. ALL MODELS ARE TRAINED
WITH STRATEGY B (WITH DESIGNED TRAINING EPOCHS IN
TABLE VIII) oN COCO 2017 train SET AND EVALUATED ON
COCO 2017 val SET

model 72 epoch 200 epoch 350 epoch 500 epoch

BiCSNet-48 37.1 42.7(+5.6) 44.3(+1.6) 45.5(+1.2)

details and brings noises to features. The SKC adds original
equal-level features to the low precision features, compensat-
ing for the information loss as well as eliminating noises.
We believe the Spatial Fusion Module plays an important
role in its strong performance. To investigate its contribution,
we compare model performances with and without the Spatial
Fusion Module. Table X shows that the AP drops 1.2% when
Spatial Fusion Module is discarded.

3) Ablation Studies on Training Strategies: We conduct
detailed ablation studies on the training strategies used in this
study. We train the baseline BiCSNet-48 model from scratch
with 72 training epochs and progressively add one feature

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 32, NO. 8, AUGUST 2022

TABLE IX
ABLATION STUDY OF THE BIDIRECTIONAL ARCHITECTURE.
WE COMPARED BICSNET-48 WITH CSNET (UNIDIRECTIONAL
STRUCTURE) AND SPINENET

Model Resolution | FLOPs | AP

CSNet-48 640 x 640 | 859B | 42.1

SpineNet-49 | 640 x 640 | 854B | 42.4

BiCSNet-48 | 640 x 640 | 84.8B | 43.8
TABLE X

ABLATION STUDY OF CROSS-SCALE FEAUTURE FUSION AND SPATIAL
FUSION MODULE. WE COMPARE THE PERFORMANCE OF BICSNET-48
WITH/WITHOUT CROSS-SCALE PATHWAYS AND FPN. FPN: FEATURE

PYRAMID NETWORK. GAC: GAP-CONNECTION.
SKC: SKIP-CONNECTION. LRGAC: LONG-RANGE GAP-CONNECTION.
SFM: SPATIAL FUSION MODULE. ALL MODELS ARE TRAINED WITH
TRAINING STRATEGY A MENTIONED IN SECTION V-A3

AP APsg  APs APm  APpL
BiCSNet-48 | 43.3 624 247 474 580
+ FPN 38.5(-4.8) 585 215 414 534
- GAC 41.4(-14) 607 225 448 573
- SKC 33.7(-9.6) 520 134 371 524
- LRGAC 42.5(-0.8) 61.6 239 464 588
- SFM 42.1(-1.2) 605 235 46.0 583

at a time: 1) enlarging scale jitter from [0.8, 1.2] to [0.1,
2.0] with 500 epochs achieves an improvement by 11.7 AP;
2) replacing ReLU with swish achieves an improvement by
1.9 AP; 3) using stochastic depth in model training achieves an
improvement by 0.3 AP. We further conduct the ablation stud-
ies on ResNet-50-FPN. The baseline result of ResNet-50-FPN
is trained from the ImageNet pre-trained model, and others
are trained from scratch. All results are shown in Figure 9.

4) Impact of Longer Training Epochs: We conduct
detailed ablation studies on the impact of training epochs
for BiCSNet-48 with all training strategies mentioned in
Section V-G3. All models are trained on COCO 2017 train
set, and the AP is reported on COCO 2017 val set. The
results are presented in Table VIII. As we gradually increase
training epochs from 72 to 600, the performance improves
accordingly, suggesting that a longer training epochs benefits
model performance.

VI. CONCLUSION

In this paper, we rethink the necessity of FPNs and the
design paradigms of existing backbones. Based on the analy-
sis, we propose to generate rich semantic information and
precise locational information in one backbone by presenting
a new backbone, called BiCSNet, which takes a bidirectional
structure as the main architecture and applies Spatial Fusion
Module that integrates the proposed three cross-scale pathways
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with the main architecture. Experimental results suggest that
BiCSNet outperforms prior art backbones. On COCO test-
dev, our BiCSNet brings significant performance improve-
ment over FishNet, SpineNet, and ResNet-FPN. On semantic
segmentation, our BiCSNet achieves 81.93% in mIOU on
PASCAL VOC 2012 val set. In addition, BiCSNet is also
promising in classification tasks, achieving 2% top-1 accuracy
improvement over ResNet on the iNaturalist dataset. Given its
great performance and high efficiency, we believe the proposed
BiCSNet has potentials in handling a variety of recognition
and localization tasks.

Although BiCSNet can serve as an improved alternative
to many CNN backbones, there are some specific modules
and operations that are not considered in this work, such
as SK [34], dilated convolution [68], model pruning [69],
and NAS [22]. Moreover, years of advances in computer
vision have seen many well-designed vision transformer back-
bones, e.g.,ViT [70], Swin [71] and PVT [72], in recognition
and localization tasks. Nonetheless, we hope the proposed
BiCSNet could establish a new venue where many potential
technologies and improvements for CNN backbones can be
achieved.
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