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Posisi paper ini di bidang yang ia kaji

EfficientDet: Towards Scalable and Efficient Object Detection (ai.qgoogleblog.com)

As one of the core applications in computer vision, object detection
has become increasingly important in scenarios that demand high
accuracy, but have limited computational resources, such as robotics
and driverless cars. Unfortunately, many current high-accuracy
detectors do not fit these constraints. More importantly, real-world
applications of object detection are run on a variety of platforms,
which often demand different resources. A natural question, then, is
how to design accurate and efficient object detectors that can also
adapt to a wide range of resource constraints?

In “EfficientDet: Scalable and Efficient Object Detection”, accepted at
CVPR 2020, we introduce a new family of scalable and efficient
object detectors. Building upon our previous work on scaling neural
networks (EfficientNet), and incorporating a novel bi-directional
feature network (BiFPN) and new scaling rules, EfficientDet achieves
state-of-the-art accuracy while being up to 9x smaller and using
significantly less computation compared to prior state-of-the-art
detectors. The following figure shows the overall network
architecture of our models.

Mencari efisiensi
Membuat keluarga “object
detector” baru

Ada “upon previous work”
- menambah bacaan
Mencapai performa
State-of-The-Art (SoTA)
-> terbaik pada saat itu
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Abstract

Model efficiency has become increasingly important in
computer vision. In this paper, we systematically study neu-
ral network architecture design choices for object detection
and propose several key optimizations to improve efficiency.
First, we propose a weighted bi-directional feature pyra-
mid network (BiFPN), which allows easy and fast multi-
scale feature fusion; Second, we propose a compound scal-
ing method that uniformly scales the resolution, depth, and
width for all backbone, feature network, and box/class pre-
diction networks at the same time. Based on these optimiza-
tions and better backbones, we have developed a new family
of object detectors, called EfficientDet, which consistently
achieve much better efficiency than prior art across a wide
spectrum of resource constraints. In particular, with single-
model and single-scale, our EfficientDet-D7 achieves state-
of-the-art 55.1 AP on COCO test—dev with 77M param-
eters and 410B FLOPs', being 4x — 9x smaller and using
13x — 42x fewer FLOPs than previous detectors. Code is
available al https://github.com/google/automl/tree,

master/erricientaqec.

Motivasi

Efficiency:

Model yang lebih kecil/ringan
Processing yang lebih cepat
Akurasi yang lebih tinggi

Tap on objects and text




Solusi yang ditawarkan

Finally, we also observe that the recently introduced Effi-
cientNets [19] achieve better efficiency than previous com-
monly used backbones. Combining EfficientNet backbones
with our propose BiFPN and compound scaling, we have
developed a new family of object detectors, named Effi-
cientDet, which consistently achieve better accuracy with
much fewer parameters and FLOPs than previous object
detectors. Figure | and Figure 4 show the performance
comparison on COCO dataset [25]. Under similar accu-
racy constraint, our EfficientDet uses 28x fewer FLOPs than
YOLOvV3 [34], 30x fewer FLOPs than RetinaNet [24], and
19x fewer FLOPs than the recent ResNet based NAS-FPN
[10]. In particular, with single-model and single test-time
scale, our EfficientDet-D7 achieves state-of-the-art 55.1 AP
with 77M parameters and 410B FLOPs, outperforming pre-
vious best detector [45] by 4 AP while being 2.7x smaller
and using 7.4x fewer FLOPs. Our EfficientDet is also up to
4x to 11x faster on GPU/CPU than previous detectors.

Key optimizations:

e Compound scaling method
(EfficientNet sebagai backbone)

e Bi-directional feature pyramid
network (BiFPN)

- EfficientDet


https://ai.googleblog.com/2019/05/efficientnet-improving-accuracy-and.html

Kesimpulan

7. Conclusion

In this paper, we systematically study network architec-
ture design choices for efficient object detection, and pro-
pose a weighted bidirectional feature network and a cus-
tomized compound scaling method, in order to improve ac-
curacy and efficiency. Based on these optimizations, we de-
velop a new family of detectors, named EfficientDet, which
consistently achieve better accuracy and efficiency than the
prior art across a wide spectrum of resource constraints. In
particular, our scaled EfficientDet achieves state-of-the-art
accuracy with much fewer parameters and FLOPs than pre-
vious object detection and semantic segmentation models.



B WD

Diskusi

Membandingkan EfficientNet dengan model backbone lainnya
Membandingkan BiFPN dengan metode lainnya
Membandingkan Softmax vs Fast Normalized Fusion
Membandingkan compound scaling dengan single scaling
resolution/depth/width



Hasil (1)
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Figure 1: Model FLOPs vs. COCO accuracy — All num-
bers are for single-model single-scale. Our EfficientDet
achieves new state-of-the-art 55.1% COCO AP with much
fewer parameters and FLOPs than previous detectors. More
studies on different backbones and FPN/NAS-FPN/BiFPN
are in Table 4 and 5. Complete results are in Table 2.
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Hasil (1 & 2)

Model | mIOU  Params FLOPs
DeepLabV3+ (ResNet-101) [0] | 79.35% - 2988
DeepLabV3+ (Xception) [©] 80.02% - 1778
Our EfficientDet’ 81.74% 1™ 188

TA modified version of EfficientDet-D4.

Table 3: Performance comparison on Pascal VOC se-
mantic segmentation.

| AP Parameters FLOPs

ResNet50 + FPN 37.0 34M 97B
EfficientNet-B3 + FPN 40.3 21M 75B
EfficientNet-B3 + BiFPN | 44.4 12M 24B

Table 4: Disentangling backbone and BiFPN - Starting
from the standard RetinaNet (ResNet50+FPN), we first re-
place the backbone with EfficientNet-B3, and then replace
the baseline FPN with our proposed BiFPN.



Hasil (2)

AP #Parfams #FLQPS

ratio ratio
Repeated top-down FPN | 42.29 1.0x 1.0x
Repeated FPN+PANet 44.08 1.0x 1.0x
NAS-FPN 43.16  0.71x 0.72x
Fully-Connected FPN 43.06 1.24x 1.21x
BiFPN (w/o weighted) | 43.94  0.88x 0.67x
BiFPN (w/ weighted) 44.39  0.88x 0.68x

Table 5: Comparison of different feature networks — Our
weighted BiFPN achieves the best accuracy with fewer pa-

rameters and FLLOPs.

| AP Parameters FLOPs

ResNet50 + FPN 37.0 34M 97B
EfficientNet-B3 + FPN 40.3 21M 75B
EfficientNet-B3 + BiFPN | 44.4 12M 24B

Table 4: Disentangling backbone and BiFPN - Starting
from the standard RetinaNet (ResNet50+FPN), we first re-
place the backbone with EfficientNet-B3, and then replace
the baseline FPN with our proposed BiFPN.



Hasil (3)

Softmax Fusion  Fast Fusion s
Model AP AP (delta) Speedup
Modell 33.96 33.85 (-0.11) 1.28x
Model2 43.78 43.77 (-0.01) 1.26x
Model3 48.79 48.74 (-0.05) 1.31x

Table 6: Comparison of different feature fusion — Our
fast fusion achieves similar accuracy as softmax-based fu-
sion, but runs 28% - 31% faster.

4
{
{
)

) -, 2 — softmax 2 0,525
=0.50 = ---- fast oy
= - =y
S |1 e | TR ,g*”-‘ 20,5001
E 0.45 E " E B vl
= — sofimax 5 0.0 ogn.»lm- — softmax
= - fast 3 2 ---- fast
= 040 : . : = ~ 0.2 T 04504 . . T T
1 25000 S0000 - TH000- TODDOD 0 25000 SO000 5000 THoooo 0 25000 30000 TI0000 10CC0O
(a) Example Node 1 (b) Example Node 2 (c) Example Node 3

Figure 5: Softmax vs. fast normalized feature fusion - (a) - (¢) shows normalized weights (i.e., importance) during training
for three representative nodes: each node has two inputs (inputl & input2) and their normalized weights always sum up to 1.
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Compound Scaling

Scale by image size

Scale by #ichannels

Scale by NBIFPN layers
Scale by #box/class layers

B0 R: P @

10 20 o ® o G0
FLOPs (B)

Figure 6: Comparison of different scaling methods -
compound scaling achieves better accuracy and efficiency.



2
Object Detection



Artificial Intelligence, Computer Vision, Machine Learning

Artificial Intelligence

A programme, which can sense, think, act and
adapt

Robotics

Machine Learning

Deep Learning

convolutional
neural
network

Computer Vision

Chandaliya, Rishabh. (2020). Tele Stroke System for Stroke Detection.
10.13140/RG.2.2.22376.90881.
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Motivasi Computer Vision

Use Cases

Automotive Satellite & Drone Imagery

Agriculture Media & Marketing

Ll
VOGBS E_—
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Tugas-Tugas di Computer Vision

semantic segmentation image captioning

object recognition object detection Object Recognition

Red: cat : 7 Image 2 A
| Cat | Green: ball A cat is playing a Classification Object Localization
Blue: background ball.
(1) (2) (3) (4)
image question answering! image generator LiLi
| A cat is playing a ball. | Object Detection
1000111100010
e—— 101111101110
1011010010110
Q: How many balls N
are there in the image? Input Image Object
e Segmentation

(5) (7)

Browniee, J. (2019, May 22). A Gentle Introduction
Guo, Qian & Qian, Yuhua & Liang, Xinyan & She, Yanhong & Li, Deyu & Liang, to Object Recognition With Deep Learning. Machine
Jiye. (2019). Logic could be learned from images. Learning Mastery.
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& Deep Learning



Artificial Intelligence, Computer Vision, Machine Learning

Artificial Intelligence

A programme, which can sense, think, act and
adapt

Robotics

Machine Learning

Deep Learning

convolutional
neural
network

Computer Vision

Chandaliya, Rishabh. (2020). Tele Stroke System for Stroke Detection.
10.13140/RG.2.2.22376.90881.
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Artificial Intelligence, Computer Vision, Machine Learning

Traditional modeling:

m r Result
Handcrafted Co pUte

model

Prediction

Machine Learning:

Computer

Learning

Expected
Result

Computer

c
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o
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Mehra, Sidharth & Hasanuzzaman, Mohammed. (2020). Detection of Offensive Language in
Social Media Posts. 10.13140/RG.2.2.23097.80485.
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Learning Algorithm

Initialize training
Epoch =1

Initialize weights and biases
with random values

Present input pattern and
Calculate output values

: : Yes
mse < mMseym

Epoch = epoch + 1

Stop training
network

Update weights and biases

Figure 2: A training process flowchart

https://www.scielo.br/j/bjce/a/mfyRtrrhz fCrrVJZNCGZtK/
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Machine Learning & Deep Learning

Machine Learning

& &y 223 — il

Input Feature extraction Classification Output

Deep Learning

Input Feature extraction + Classification Output

Sperling, E. Deep Learning Spreads. Semiengineering.
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Machine Learning & Deep Learning

I 4\ MathWorks

Test Data

Training Data Deep Learning Workflow

Feature Extraction

Machine Learning Model
Classification

*

w— ‘CAT'

Johanna Pingel (2022). Demos from "Object Recognition: Deep Learning" Webinar, MATLAB
Central File Exchange. Retrieved July 1, 2022.



https://www.mathworks.com/matlabcentral/fileexchange/58320-demos-from-object-recognition-deep-learning-webinar

Object Detection model: regresi bounding boxes + klasifikasi objek

feature
map

.Input Bounding Final
image boxes detections

Murthy, C. B., Hashmi, M. F., Bokde, N. D., & Geem, Z. W. (2020). Investigations of Object Detection in Images/Videos Using Various Deep
Learning Techniques and Embedded Platforms—A Comprehensive Review. Applied Sciences, 10(9), 3280.
https://doi.org/10.3390/app10093280
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https://www.youtube.com/watch?v=cWzi38-vDbE




Struktur dari Model Object Detection (Deep Learning)

Classification
Input Feature extraction Feature representation enhancement and
Image bounding box regression
Backbone Neck Detection Head
- Derived model size - Network depth * Localization accuracy + Multiscale features * Detector |+ Joint bounding
* Derived model latency - Number of filters + Small object detection | + High-resolution latency h“‘if"‘d class
- Classification accuracy - Filter dimensions - Multiscale object ~ Tepresentation oo
* Receptive field size detection

Rodriguez-Conde, I., Campos, C. & Fdez-Riverola, F. Optimized convolutional neural network architectures for efficient on-device vision-based object detection. Neural Comput & Applic 34,
10469-10501 (2022). https://doi.org/10.1007/s00521-021-06830-w
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Convolution Filter

0 0 0
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Ridge detection
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(with no image mask)

https://en.wikipedia.org/wiki/Kernel_(image_processing)
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Convolution Filter
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Isi filter inilah yang akan jadi
weights model yang
dicari/dipelajari oleh

learning algorithm

https://www.researchgate.net/figure/Single-CNN-with-filter-size-of-3_fig4 343987422
https://towardsdatascience.com/deciding-optimal-filter-size-for-cnns-d6f7b56f9363
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Input Filter Result
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L

Filter 3x3, no padding, Filter 4x4, padding=2  Filter 4x4, half padding, Filter 4x4, full padding,
no stride (arbitrary), no stride no stride no stride

Filter 3x3, no padding, Filter 3x3, padding=1,
stride=2 stride=2

https://github.com/vdumoulin/conv_arithmetic



https://github.com/vdumoulin/conv_arithmetic

Multiple Channels

Input Filter Result

Parameters:

Size: f=3 Q . M-
#channels: n.=3 M P
Stride: s= 1 A |
Padding: p=

nH X an "c = 6x6 X3 https://indoml.com

https://indoml.com/2018/03/07/student-notes-convolutional-neural-networks-cnn-introduction/
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Multiple Filters

Filter 1

— Output
3x3x3 4x4
Filter 2
— 4x4x2
4x4 https://indoml.com

https://indoml.com/2018/03/07/student-notes-convolutional-neural-networks-cnn-introduction/
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Convolutional Layers

32x32x8 8x8x8 8x8x16 4x4x16 Ix1x256

Input layer  Convolutional Pooling layer Convolutional Pooling layer ~ Full-
CSI layer P2:8 kernels layer P4:16 kernels connected
C1:8 kernels (4x4) C3:16 kemnels (2x2) layer
(4x4x1) (2x2x8) F3

https://www.researchgate.net/figure/The-convolutional-neural-network-CSI-channel-state-information_fig2 344334020

Softmax
[}

Output
layer
Label
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3.2

Fully Connected Neural Networks
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EfficientDet



Struktur dari Model Object Detection (Deep Learning)

Classification
Input Feature extraction Feature representation enhancement and
Image bounding box regression
Backbone Neck Detection Head
- Derived model size - Network depth * Localization accuracy + Multiscale features * Detector |+ Joint bounding
* Derived model latency - Number of filters + Small object detection | + High-resolution latency h“‘if"‘d class
- Classification accuracy - Filter dimensions - Multiscale object ~ Tepresentation oo
* Receptive field size detection

Rodriguez-Conde, I., Campos, C. & Fdez-Riverola, F. Optimized convolutional neural network architectures for efficient on-device vision-based object detection. Neural Comput & Applic 34,
10469-10501 (2022). https://doi.org/10.1007/s00521-021-06830-w
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Figure 3: EfficientDet architecture - It employs EfficientNet [1V] as the backbone network, BiFPN as the feature network,
and shared class/box prediction network. Both BiFPN layers and class/box net layers are repeated multiple times based on
different resource constraints as shown in Table 1.

Tan, M., Pang, R, & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).



Struktur EfficientDet

Backbone: Convolutional Neural Networks (CNNs)

EfficientNet - Compound scaling - dilatih dari dataset ImageNet
Neck: Feature Pyramid Network (FPN)

Bidirectional FPN (BiFPN)

Detection Head
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Figure 3: EfficientDet architecture - It employs EfficientNet [1V] as the backbone network, BiFPN as the feature network,
and shared class/box prediction network. Both BiFPN layers and class/box net layers are repeated multiple times based on
different resource constraints as shown in Table I.



Algoritma-algoritma dari CNN backbone, object detection, dan
semantic segmentation

VGG16 Object Detection

VGG19 Two-stage One-stage
Frameworks Frameworks

GooglLeNet
SSD Centernet EfficientDet

ResNet

CNN Inception-

Backbone ResNet-v2

Xception
DenseNet
MobileNet SegNet

EfficientNet PSPNet

Yang, Ruixin & Yu, Yingyan. (2021). Artificial Convolutional Neural Network in Object Detection and Semantic Segmentation for Medical Imaging Analysis. Frontiers in Oncology.
11. 638182. 10.3389/fonc.2021.638182.



4.1

BiFPN
Bidirectional Feature Pyramid Network



Motivasi Feature Pyramid Network

Pemetaan gambar beresolusi tinggi mendeteksi detail yang tidak perlu.
Pemetaan gambar beresolusi rendah mendeteksi pola yang terlalu umum.

Cukup detil + cukup umum - Feature Pyramid Network

Nain, A. (2019, November 29). EfficientDet: Scalable and Efficient Object Detection. Medium.



https://medium.com/@nainaakash012/efficientdet-scalable-and-efficient-object-detection-ea05ccd28427

Motivasi BiFPN

Tidak semua input features berkontribusi sepadan terhadap output features.

-> Butuh strategi lain untuk mengetahui kombinasi input features mana yang
lebih penting. (multi-scale feature fusion)



| = input
Featu e FUSion w = parameter model (weights & biases)
O

= output

Unbounded fusion: O > w; o I,

Output Softmax

layer activation function Probabilities 1
z
1.3 0.02 5 o8
e 5.1 % 0.90 S o
Softmax-based fusion: O = ) S~ owr I;. 2.0 [t = | . 0.05 5 0
24 0.7 E]K:1 e?i 0.01 T
1.1 0.02 & o
2 w; . .
Fast normalized fusion: O = . l— /! w > 0 ¢ = 0.0001 30% lebih cepat daripada
€+ W 2 — Softmax-based fusion

Lin, T.Y., Dollar, P., Girshick, R., He, K., Hariharan, B., & Belongie, S. (2017). Feature pyramid networks for object detection.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2117-2125).
https://www.researchgate.net/figure/Working-principles-of-softmax-function_fig3_349662206
https://www.researchgate.net/figure/Softmax-activation-function_fig2 319121953



https://arxiv.org/abs/1612.03144
https://www.researchgate.net/figure/Working-principles-of-softmax-function_fig3_349662206
https://www.researchgate.net/figure/Softmax-activation-function_fig2_319121953

Jenis-Jenis FPN

(e) Simplified PANet (f) BIFPN

Figure 2: Feature network design - (a) FPN [ 1] introduces a top-down pathway to fuse multi-scale features from level 3 to
7 (P; - P;); (b) PANet [ 1] adds an additional bottom-up pathway on top of FPN; (c) NAS-FPN [ "] use neural architecture
search to find an irregular feature network topology: (d)-(f) are three alternatives studied in this paper. (d) adds expensive
connections from all input feature to output features; (¢) simplifies PANet by removing nodes if they only have one input
edge; (f) is our BiFPN with better accuracy and efficiency trade-offs.

Lin, T.Y., Dollar, P., Girshick, R., He, K., Hariharan, B., & Belongie, S. (2017). Feature pyramid networks for object detection.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 2117-2125).


https://arxiv.org/abs/1612.03144

Struktur BiFPN

: feature maps

: lateral conv block

: lateral fuse block

: output block

. identity connection

: down sample

N R A L

: up sample

Nguyen, Hieu & Le, Tung & Nguyen, Thang & Nguyen, Nhan. (2020). Enhancing MRI Brain Tumor Segmentation with an Additional Classification Network



https://www.researchgate.net/publication/344400347_Enhancing_MRI_Brain_Tumor_Segmentation_with_an_Additional_Classification_Network

Mengapa BiFPN? S

FPN konvensional hanya mengirimkan 5 3
informasi features secara satu arah i
PANet menambahkan agregasi bottom-up i .
tambahan (ada cross-scale) secara seragam - () PANer

NAS-FPN menggunakan neural architecture ropaatnd i repeatad blocks
search untuk mencari konfigurasi cross-scale " "G '
yang lebih baik, namun boros komputasi
BiFPN menghapus node yang hanya punya
satu input edge, dan menambahkan edge
baru untuk node input-output dalam satu
level yang sama e R

(d) BiFPN

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).



https://arxiv.org/abs/1911.09070v7

4.2
EfficientNet



Paper EfficientNet

EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks

Mingxing Tan' Quoc V. Le'

Abstract

Convolutional Neural Networks (ConvNets) are
commonly developed at a fixed resource budget,
and then scaled up for better accuracy if more
resources are available. In this paper, we sys-
tematically study model scaling and identify that
carefully balancing network depth, width, and res-
olution can lead to better performance. Based
on this observation, we propose a new scaling
method that uniformly scales all dimensions of
depth/width/resolution using a simple yet highly
effective compound coefficient. We demonstrate
the effectiveness of this method on scaling up
MobileNets and ResNet.

To go even further, we use neural architec-
ture search to design a new baseline network
and scale it up to obtain a family of models,
called EfficientNets, which achieve much
better accuracy and efficiency than previous
ConvNets. In particular, our EfficientNet-B7
achieves state-of-the-art 84.3% top-1 accuracy

EfficientNet-57
L2 AmoebaNet-C.
AMOBLANGLA, o o e = = = i
~ .
. 27 NASNetA .. SENet
F& P s
2
g " “ResNex:-101
3 SO s
2 L7 .t Inception-ResNetv2
45
5 .
& [ 1k Keeption
Lol ,‘ : oResNet-152
.
2 &) Densehlet-201
) :
gl | .
EM 1S TReshetso
e
soly Incepionv2
: NASNet-A
Reshot-14

0 0 1] 10 10 140 160

Number of Parameters (Milkons)

Figure 1. Model Size vs. ImageNet Accuracy. All numbers are
for single-crop, single-model. Our EfficientNets significantly out-
perform other ConvNets. In particular, EfficientNet-B7 achieves
new state-of-the-art 84.3% top-1 accuracy but being 8.4x smaller
and 6.1x faster than GPipe. EfficientNet-B1 is 7.6x smaller and

5.7x faster than ResNet-152. Details are in Table 2 and 4.

Tan, M., & Le, Q. (2019, May). EfficientNet:
Rethinking model scaling for convolutional
neural networks. In International conference
on machine learning (pp. 6105-6114). PMLR.

https://arxiv.org/abs/1905.11946
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Model Scaling

Resolution scaling Width scaling Depth scaling
Semakin besar resolusi (ukuran Untuk menangkap pattern Untuk menangkap features
input), semakin banyak complex yang lebih detail, yang lebih kompleks,
features dan pattern yang lebih dibutuhkan channel yang dibutuhkan /ayer yang

detail (fine-grained) lebih banyak lebih banyak (lebih dalam)
Feature Feature Feature Feature Hidden Hidden
Inputs maps maps maps maps units units Outputs
3@32x32 32@18x18 32@10x10 48@6x6 48@4x4 768 500 2
%
Convolution Max-pooling Convolution Max-pooling Flatten Fully Fully
5x5 kernel 2x2 kernel 5x5 kernel 2x2 kernel connected connected

https://bobo.grid.id/read/083019342/masih-banyak-yang-bin
gung-warna-tubuh-zebra-putih-belang-hitam-atau-hitam-bel
ang-putih-ini-jawaban-yang-benar



http://www.jefkine.com/general/2016/09/05/backpropagation-in-convolutional-neural-networks/
https://bobo.grid.id/read/083019342/masih-banyak-yang-bingung-warna-tubuh-zebra-putih-belang-hitam-atau-hitam-belang-putih-ini-jawaban-yang-benar
https://bobo.grid.id/read/083019342/masih-banyak-yang-bingung-warna-tubuh-zebra-putih-belang-hitam-atau-hitam-belang-putih-ini-jawaban-yang-benar
https://bobo.grid.id/read/083019342/masih-banyak-yang-bingung-warna-tubuh-zebra-putih-belang-hitam-atau-hitam-belang-putih-ini-jawaban-yang-benar

EfficientNet - compound scaling

Memperbesar model dengan cara

———— . yang lebih seimbang.
- wider
—— | ¢ ditentukan oleh user
#channels g - ]
A r wider 5 1 [ ) f &
= depth: d = o
. deeper
, e ‘ decte’  mm width: w = 8¢
| | ' . - solution: r = ~¢
-- layer i - ; resoiuton: 7 = 7y
1 il 8 i  higher o . 2 . 2. 5
_}resolution HxW : | ; .+ resolution - : ?;zgif,ion s.L. 'B Y, s 2
(a) baseline (b) width {c) depth {d) resolution (e) compound & Z 1, ﬁ Z 1,’)’ 2 ].
scaling scaling scaling scaling

Kenapa? Operasi di ars. convolutional
berbanding lurus dengan d, w?, r?

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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EfficientNet - Efek compound scaling

original image baseline model deeper (d=4) wider (w=2) higher resolution (r=2) compound scaling
g' " | o -
1| LV - = <
X - - A -

https://medium.com/mlearning-ai/understanding-efficientnet-the-most-powerful-cnn-architecture-eaeb40386fad
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EfficientNet - Perhitungan compound scaling

f=a-B?-y?(network scaling factor)

a=1.1 = 1.15 =1.2 -> g-B%-y? = 2.0948399999999996
Y Y

¢ = 0 | EfficientNet-DO

)
f=1.1-1.15°1.2° depth: d = o

= 1.1 width: w = 3¢
¢ = 3 | EfficientNet-D3 resolution: r = ¢
f=1.1.1.15%.1.2° stoa-f2.4%~2

= 2.890879199999999 o

a2zl 21921

¢ = 6 | EfficientNet-D6
f =1.1-1.152.1.22

7.597438680902396

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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EfficientNet - Arsitektur dasar (BO, #=0)

Table 1. EfficientNet-B0 baseline network — Each row describes
a stage « with L; layers, with input resolution (H;, W;) and output
channels C;. Notations are adopted from equation 2.

Stage Operator Resolution | #Channels | #Layers
i 7 Hxw, | ¢ £;
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 x 112 24 2
- MBConv6, k5x5 56 x 56 40 2
5 MBConv6, k3x3 28 x 28 80 3
6 MBConv6, k5x5 14 x 14 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConv6, k3x3 TXT 320 1
9 Convlx1 & Pooling & FC Tx7 1280 1

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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Scaling formula

Input image resolution—  Since feature level 3-7 are used
in BiFPN, the input resolution must be dividable by 27 =
128, so we linearly increase resolutions using equation:

R-zn)mf =512 + Q- 128 (3)

Box/class prediction network —  we fix their width to be
always the same as BiFPN (i.e., Wy,,.ca = Wi fpn)., but lin-
early increase the depth (#layers) using equation:

Dboz e D(:Iass =3+ L(p/‘;J (2)

BiFPN network — we linearly increase BiFPN depth
Dy ppn (#layers) since depth needs to be rounded to small
integers. For BiFPN width W, s, (#channels), exponen-
tially grow BiFPN width Wy, ¢, (#channels) as similar to
[9]. Specifically, we perform a grid search on a list of val-
ues {1.2, 1.25, 1.3, 1.35, 1.4, 1.45}, and pick the best value
1.35 as the BiFPN width scaling factor. Formally, BiFPN
width and depth are scaled with the following equation:

"""“’b'ifp‘u, =64 - (1350) ) Dbifpn =3+0¢ (1)

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.

In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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Konfigurasi scaling

Input  Backbone BiFPN Box/class
size Network  #channels #layers  #layers
Rinpu Whigpn — Dyigpm D jgss
DO (¢ =) 512 BO 64 3 3
Di(¢=1)| 640 Bl 88 4 3
D2 (¢ = 2) 768 B2 112 5 3
D3 (¢ = 3) 896 B3 160 6 4
Dd(o=4) 1024 B4 224 7 4
D5(¢=35) [ 1280 BS 288 7 4
D6 (o = ) 1280 B6 384 8 5
D7{o="7)| 1536 B6 384 8 5
D7x 1536 B7 384 8 5

Table 1: Scaling configs for EfficientDet D0-D6 - ¢ is
the compound coefficient that controls all other scaling di-
mensions; BiFPN, box/class net, and input size are scaled
up using equation I, 2, 3 respectively.

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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Table 2. EfficientNet Performance Results on ImageNet (Russakovsky et al., 2015). All EfficientNet models are scaled from our
baseline EfficientNet-B0 using different compound coefficient ¢ in Equation 3. ConvNets with similar top-1/top-5 accuracy are grouped
together for efficiency comparison. Our scaled EfficientNet models consistently reduce parameters and FLOPS by an order of magnitude
(up to 8.4x parameter reduction and up to 16x FLOPS reduction) than existing ConvNets.

Model | Top-1 Acc.  Top-5 Acc. || #Params  Ratio-to-EfficientNet || #FLOPs  Ratio-to-EfficientNet
EfficientNet-B0 77.1% 93.3% 5.3M Ix 0.39B 1x
ResNet-50 (He et al., 2016) 76.0% 93.0% 26M 4.9x 4.1B 11x
DenseNet-169 (Huang et al., 2017) 76.2% 93.2% 14M 2.6x 3.5B 8.9x
EfficientNet-B1 79.1% 94.4% 7.8M Ix 0.70B 1x
ResNet-152 (He et al., 2016) 77.8% 93.8% 60M 7.6x 11B 16x
DenseNet-264 (Huang et al., 2017) 77.9% 93.9% 34M 4.3x 6.0B 8.6x
Inception-v3 (Szegedy et al., 2016) 78.8% 94.4% 24M 3.0x 5.7B 8.1x
Xception (Chollet, 2017) 79.0% 94.5% 23M 3.0x 8.4B 12x
EfficientNet-B2 80.1% 94.9% 9.2M Ix 1.0B 1x
Inception-v4 (Szegedy et al., 2017) 80.0% 95.0% 48M 5.2x 13B 13x
Inception-resnet-v2 (Szegedy et al., 2017) 80.1% 95.1% 56M 6.1x 13B 13x
EfficientNet-B3 81.6% 95.7% 12M Ix 1.8B 1x
ResNeXt-101 (Xie et al., 2017) 80.9% 95.6% 84M 7.0x 32B 18x
PolyNet (Zhang et al., 2017) 81.3% 95.8% 92M 7.7x 35B 19x
EfficientNet-B4 82.9% 96.4% 19M Ix 4.2B 1x
SENet (Hu et al., 2018) 82.7% 96.2% 146M 7.7x 42B 10x
NASNet-A (Zoph et al., 2018) 82.7% 96.2% 89M 4.7x 24B 5.7x
AmoebaNet-A (Real et al., 2019) 82.8% 96.1% 87M 4.6x 23B 5.5x
PNASNet (Liu et al., 2018) 82.9% 96.2% 86M 4.5x 23B 6.0x
EfficientNet-BS 83.6% 96.7 % 30M Ix 9.9B 1x
AmoebaNet-C (Cubuk et al., 2019) 83.5% 96.5% 155M 5.2x 41B 4.1x
EfficientNet-B6 | 84.0% 96.8% || 43M Ix | 198 1x
EfficientNet-B7 84.3% 97.0% 66M Ix 37B 1x
GPipe (Huang et al., 2018) 84.3% 97.0% 55T 8.4x - -

We omit ensemble and multi-crop models (Hu et al., 2018), or models pretrained on 3.5B Instagram images (Mahajan et al., 2018).

Tan, M., Pang, R., & Le, Q. V. (2020). Efficientdet: Scalable and efficient object detection.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 10781-10790).
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Kesimpulan



Implementasi Kode Penggunaan EfficientDet

https://colab.research.qgoogle.com/drive/TWOuwwvvevyH-iVmCKkBGk
RoHFtB4xPToX

Saduran dari https://aithub.com/gooale/automl



https://colab.research.google.com/drive/1W0uwwvvevyH-jVmCkBGkRoHFtB4xPToX
https://colab.research.google.com/drive/1W0uwwvvevyH-jVmCkBGkRoHFtB4xPToX
https://github.com/google/automl

