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Abstract  Fusion network is a representative module in object detection frameworks to fuse
multi-scale features and improve detection accuracy. Previous works of designing fusion network
architecture mainly focus on designing the topology of the fusion path to improve the performance
of object detection. However, the required hardware resource overhead and the influence of feature
selection and feature fusion operations on the detection performance are ignored. In this paper,
we propose a feature fusion network named Attention-aware Fusion Network (AFN), which has a
strong capacity of fusing multi-scale features for object detection. Through software and hardware
cooperation, it can realize the automatic search of the neural network sensitive to hardware cost
(parameter storage, calculation time, etc. ), and realize the integrated optimization deployment
from the three aspects of the fusion network’s characteristics, paths and operations. In this paper,

we first summarize and propose three key factors that should be considered in the design of
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feature fusion network: fusion feature selection, fusion path and fusion mode. We also need to
consider the hardware overhead of deploying the algorithm to the target platform. However,
these design factors compose a huge design space that contains tremendous amounts of design
choices. Thus, manually designing the optimal architecture of the fusion neck is very difficult.
We employ neural network search (NAS) method to automatically design the feature fusion
network. We propose three kind of search unit: feature search unit, fusion path search unit and
fusion mode search unit. The feature search unit aims to search for the most appropriate input
features for each scale instead of fixing from the top layer of each stage. The fusion path search
unit takes all possible cross-scale fusing connections among groups as the search space and search
for the optimal connection. the fusion mode search unit contains a variety of candidate fusion
operations and decide operations to fuse features of multiple scales. Particularly, this unit is
attention-aware by utilizing different kinds of attention mechanisms along with the commonly
used add operation as candidate fusion operations. We use NAS algorithm based on evolutionary
algorithm, and realize weight reuse and grouping fusion when designing search unit, which reduce
the computational cost and memory cost. We also take the hardware cost of feature fusion
network on the target hardware as the search target, so we can achieve a good trade-off between
precision and computational cost on the target hardware. We evaluate our method on the famous
detection dataset COCO and compare the searched feature fusion network with several advanced
feature fusion network and give the results of detection precision and the network complexity. We
also carry out experiments to evaluate our special design choice of the search units and the search
object. The experiment results shows that when the backbone is ResNet50, compared with the
existing searched network NAS-FPN, the parameter amount and calculation amount are reduced
by 29. 6% and 22. 3% respectively when achieving similar detection accuracy. Compared with the
existing artificially designed network FPN, AP can increase by 2. 1%. When the backbone network
is VGG, compared to the searched network Auto-FPN, AP can increase by 1.7%.

Keywords object detection; neural architecture search; hardware overhead
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AN 27 SRR, — SEAR B m SRR
M Dy RbE—HEHE d

TE dou TEE A BEARRT LI F grecay IEHEIT
i top-k HAE{ path, }f,l
I path; ) R R P
FOR j=1,--,k DO
M\ Dy HRFE— B dovin
TE doin LT path; %R B 5% AL L
{5 R B FE BB path; % N H AL E
ik B S U RS w, Rk P
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count=10
WHILE count<<N/2 DO
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R —
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RelUje————
| 4R 181 |

5 I I) T T P 255 g T 2% 25 4
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COCO % #4238 F H brer il 4% 55 5 b 5 FH 50
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IS IEAE val2017 o438 5K E{R (X 44 minival). 7E
R P FRAT train2017 $cd 5 v A2 B AL AN
B 20 5K B OR 1 g 4 2R 30 ik B0 AR 7E 511 2R
[i] 48 2% 3 B AR f T HE A train2017 B4 L #E AT
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FATTRE 1 % R B G 2% A ARG VE O
PyTorch™ ™ JF & 1. FATIE — B A 8 4> NVIDIA
V100 GPU gy #L e b EA7 52 5. a8 R A0 2k 300 1)
AT L. 8, 1. 212 [ 14y Bl L R 5% Il 2 B3 4
T4 0 RN R 8. % T 48 st 2k (Focal loss) (1
SEEATE «=0.25 F y=1.5. A1 F=Z M
RetinaNet' "' f) FF Y5 S B E 17 52 56 . 9F i 1 55 NAS-
FPNAH ] ) 8 2 B0 A7 U1 5. X F AT 10 7 AiE il
B W2 AFN, 4/~ FRAE 1) %t i GE £l 256.

XF i A Rl R R T AR A B
BN 20X T T M 45 5 g 45 4 mobile-net
ARl G M 2, FATR M 2 1 CPU | iy 38 47 i [8] £
i H br R — 4 6 T HA M 2 7E GPU 1Y
AT RIVE S H b ok B0 — FB 4. n SR 2 T
TR FRATT 0 H A oR B8 AT DA B Y R k. N ] 6
Jr7s s FATTAE Nvidia Tesla T4 FfiAL 6 B i 1 2% 25
oy - W0 10 A7 S B L ST 0 3 Y 2 B ) 2% 0
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I ) 2 Ay AR DA 2R Y AR eR R0 — AR 20 BEAR 4 1Y
SN I 2 AE H AR GE R b5 A B Y 2 5

23 24 25 26 27 28
Estimated/ms

Pl 6 TN HE B A0 L S I %o G

BREE. 155~ M2 2 Bk T Al o
¥ )y 0.08 By SGD A & » I 8 I 42 5258 JOHs
2 A0, 08 ZH Ik /NE] 0. 0008, B+ 0. 9. 4L
F N 0. 0001, FATEILPEAT T 60 4> epoch [
W 45 25 H 1 2% %ok T R AR AR i, AT B0 A A LA
50, IEARKECH 20.

WIZRER 5. 5 20 M 38 o o I - FRATDRE B e
Y g i O B SO AR B A A FRATT TR 0.9 BB



2428 it <A

Hl

Y,
&

i 2022 4F

0. 0001 AL E LWL 1) SGD A &, xR I 25 T
50 > epoch. 0. 08 ) H] hh 4 > AN H] T H 30 4
epoch, FF-7E 30 F1 40 /> epoch W& LL 10.
4.3 WEENER

SREFRBLLE. AT R R0 5 H A
IR ST R O RRAE Rl RO 28 R AT L HC . B4R T LB
ZER . FPN™ (PANet™ 18 2R 15 21| i 1 2% 45 #4
40 Auto-FPN'™ NAS-FPN™'. g T AV e, F A1
{# F§ RetinaNet-FPN 4E b 34k, {# | ResNet-50 /£
N WG T H ARG J7 v L AURS S Rl G 1 2% 45
L NGR B E R A S, AT WA SR h % T AFN

MZE T, a0k 1 R 78 mAP J7 . 25 A R/
BN 640 X 640 B}, AFN-3layers #H It FPN 23 T
2. 1% g3 TH AL PANet S23L T 1. 4% 9327, 5 B
AEM FLOPs #1288t 9 Libra-Net A $2 &
T 1.1%, A HeAH ) e & Ok B Bi-FPN SEEL T
1. 1% W) $2& F+. AFN-5layers A1 b4 [5] 3k 8 ok 500
Bi-FPN 425 T 1. 5%. 4% A K/NKE 71024 X 1024
Bt , AFN-5layers 5 FPN Af L3280 T 3. 4 % 1 gk,
T 640X 640 Fll 1024 X 1024 %y A K /)y s AFN-5layers
Rt 5 NAS-FPN fHif ) mAP, {H FLOPs f1£
BB /hF NAS-FPN.

&1 7 COCO#iEE LMREF NSRS MLt
Method BackBone image-size param/M FLOPs/B mAP
FPNLite MobileNetV2 640X 640 3.46 11. 34 29.6
AFNLite MobileNet V2 640X 640 3.84 11.59 31. 6
FPN ResNet50 640X 640 37.75 95. 68 37.0
PA-Net ResNet50 640X 640 40.12 98. 04 37.7
Libra ResNet50 640X 640 38.03 106. 27 38.0
NAS-FPN ResNet50 640X 640 59. 74 138.75 39.9
Bi-FPN-3layers ResNet50 640 X 640 44.98 109. 09 38.0
Bi-FPN-5layers ResNet50 640X 640 54.43 121.63 38.2
AFN-3layers(ours) ResNet50 640X 640 38. 29 101. 86 390.1
AFN-5layers(ours) ResNet50 640X 640 42.05 107. 82 39.7
FPN ResNet50 10241024 37.75 244. 94 10.1
AFN-5layers(ours) ResNet50 10241024 42.22 276.62 43.5
NAS-FPN ResNet50 10241024 59. 74 355. 25 14.2
SSD512 VGG16 512X512 36. 04 154. 40 29.3
SSD512-Auto-FPN VGG16 512 X512 31.88 — 31. 8
SSD512-AFN(ours) VGG16 512X512 39. 16 154. 01 33.5
Auto-FPNFE SSD512 fA TR HR 523 1 A1 i Auto- 42
AFN-5
fusion it . Hoh VGG16 fE K £ T M. Fitt. T 1or AFN-ge®  BNASTPN
T S ~ g S . 38+ PA,NetAoIlil)ra*Net
HEATHO R BTV RE £ SSDS12 M9 TRESSEBL T AFN, . @
\ \ " _ <
I T I S5 A5 0 B ) T 5 SSD512 A ] 9 4 2 | .
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B TX T4 2R TIN5 B 0 8 20 4 S
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Z REFEAE R SSD512 A . AFN 3543 17 4. 2% 1 2807720 40 60 80 100 120 140 160 180
FLOPs/B
AP #74 .7 ; R Auto-FPN $H4E R '
mAP #Tt . JFH P T H9 Auto T{Efm Bl 7 fERER (mADP) fl P8 it (FLOPs/B) X 1L
HMEA 1. 7% H mAP /7. B2, 5 &k "
G AR EE L FRATHE B9 AFN SEBL T B8 47 1 o 1 Joh AEN-5
\ e i et — AFN-3¢ 3
A AR AL B A5 0 7 A T b R TR 38} LibraNewoa et
— N N .
A FRATIAE A [R] 0 B0 60 o 3R s A [] 218 80 A Az ) £ s 361 FPN
BEE ¥ 0 F R RetinaNet-MobileNet V2, £ {4, /R B3y = SSD512-AFN
RetinaNet-ResNet50, 44 4 % 7% SSG512-VGG16. P21 ¢ AFNite
— i N . 301 m FPN-lite <y
V0 7 FiIFEL 8 7% « AFN 7 3 4 iRl 36 22 6] 9 8 1 el e essoeiz
PPN NN - 0 10 20 30 40 50 60 70
ﬁ%ﬁ/ﬂ*yf% {%%‘%*H{U\ %T+%:%*n$ﬁﬂj(d\ Ed"AFN Number of parameters(M)
SEPLTEEE HOA B B8 B (mAP) RIS KUk (VDX He
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KARBWEFME. N T iF—FKIE AFN
EARFEET LAY R, R AT ResNet-50 £ 4
R F T MobileNet V2, FRATTE F IR BE 7T 43 25
LR T AFN fil head HAIEFUZ. it gt AFN
Fi A AFNLite. 76 AFNLite 1. & AN 1F B 09 iy
HIEE I E M 128, AFNLite )2 55 8 W 3. 44
WRTER 1 h. 5 FPN WL M L, fr 4t i AFN
7E ResNet-50 528 T 2. 1% 0y #2 &, 7 Mobile-
NetV2 FSEE T 2.0% A9 2 &5, 5 1 ik, AFEN 7]
PATEATA I F T 28 R4 B 4F 1y PR R . 3X 0 ik T
AFN [ a] 4 J ok Finf s vk

ENMERETAERBIE. EAR L RATE
T B = A R P £ T M4 K Resnet-50
s X A 0 1 B R S L 45 SRR TR 2 .

R2 ZSHRRATAEMIE

il £ 458 LU AW AW (ﬁgﬁ) (fi'gtﬁ)
MEBEREET v v v v,
R A A ERRTT v Vv v v
MAEBRMELT v v v
AP 39.1 38.5 38.3 38. 8 38. 4
APs 57.1 56.7 57.0 57.0 57.1
AP 41.5 40.9 40.1 41.3 40. 4
APs 18.6 18.2 17.9 18.6 17.9
APy 44.8 43.5 43.7 43.9 44. 0
AP 55.0 54.3 54.9 55.1 54.9

SRR AEAE R BT H E L S RATTRE 3 T 45
T 18 22 A B B BE R 02 I, 38 R 20 1 2849 1 mAP
H AFNAIK 0. 8 %. A I . AR AE 38 & Bpoc v] UM £ o
M R T Y R A 2 B O S B A PR RE. R AT
5 FPN AR A ARdfE B 08 F fl & BRI bR &
A28 2 AT, mAP H AFN I 0. 6%, %45 5 3=
Al £ 6 A48 2R 0 AT A B ] A AR B T AT
(Rl G RCR. T o B il A AR S R o0 AT R
AR A R A A AR — . K 2 A A
A F I PERE . AFN K 0. 7% B AT H i B A0 M g

FPN

b AFN % 0. 3%0. &5 S UF i @ & B 208 R soc mr LA
SR UK A AR B A 3 I BRAE  AR A T 1 e

BUHRBRIMNEZEREEERIE. AT
R FRATTH R T B 0 A R R H bR R B
T W24 Resnet-50 ., fil & 9 45 HE & J2 50k 3 JZ 0%
GG BB 4 B A ) L 2 B0 A B 0 R M P
I [R] L 2 50 AT 2 R R AE A 0 45 5 ).
33 Py T He gl AR il AR SO B 1 R H bR
BRI BN BE A% PR TIE7E AN 52 R B2 A FT 4R R — e RE R LR
TICAT 0 745 I 5 35 B AT S e (R TR 4. 50 46, 3T &
B, B 48 2R A oR B B G B s ) O A
I A B BRI A R (FLOPs/B) . X i B i 5
R A ] A O R S P R O TR A SRR
T 2% AR o8 B BE A% 07 32 200 8 1205 1k DA 7 A 5 3 A A1
AR AR

3 WHBANBEERIBEMIR
mAP  inference time/ms FLOPs/B param/M

AFNREFERAT 39,1 23. 3922 10. 49 6. 28
AFN 39.1 26. 6159 10. 77 6.59

EMERSH. AW KRAER T FPN I
AFN 78 COCO #5545 R e 4 R T A X
So 2k SR 2 i ] RetinaNet £ 0 25 2515 19, Hor 32
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PLEBR FPN B — 283 ik i1 FHAE . 4018 9 (b) L (d)
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fusion network used to fuse features of different scales, and a
detection head network used to locate and classify features
based on features. The backbone neural network generally
directly reuses the network structure used for object classifi-
cation. Researchers often improve the performance of target
detection by optimizing the feature fusion network. However,
existing works of designing feature fusion network architecture

mainly focus on designing the topology of connections to fuse
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features.

We propose a new feature fusion network named Attention-
aware Fusion Neck ( AFN) which has a strong capacity for
fusing multi-scale features for object detection. To design the
architecture of a fusion network, AFN considers three key
factors: input fusion features, fusion path, fusion operation.
For fusion operation, AFN introduces many different kinds
of attention mechanisms besides the commonly used add
operation. The search space of AFN covers most of the existing
architectures of fusion neck, so AFN could be treated as the
generalization of most existing fusion networks. Although

complex fusion paths and fusion operations can improve the

performance of object detection, they bring too much hardware
resource overhead for terminal devices. To achieve a better
trade-off between object detection precision and hardware
resources, we employ the neural architecture search method.
We propose well-designed search modules in AFN and take
the hardware overhead (parameter storage, computing time,
ete. ) of the target platform as a consideration in the search
process. Experiments results indicate that combined with
different backbone networks, the feature fusion network we
searched has better performance than the existing feature
fusion network and is more efficient than previous searched

feature fusion networks.





