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Gercek Hayatta Makine Ogrenmesi Sistemleri
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Figure 1: Only a small fraction of real-world ML systems 1s composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure 1s vast and complex.

Sculley, D., Holt, G., Golovin, D., Davydov, E., Phillips, T., Ebner, D., ... & Dennison, D. (2015). Hidden technical debt in machine learning
systems. In Advances in neural information processing systems (pp. 2503-2511).
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Makine Ogrenmesi Yasam DOngusi

ik 6nce:

* s ihtiyaclarini anlamak ve hedeflerin tanimlanmasi
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e Veri Analizi
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« Paketleme H E ! n H 2\
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Figure 1. The end-to-end ML life cycle.
Figure from “Drive Efficiency and Productivity with Machine Learning Operations”, Microsoft Azure White Paper
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Train model

Figure from “Drive Efficiency and Productivity with Machine Learning Operations”, Microsoft Azure White Paper



Grafik Isleme Uniteleri (GPU)

 Esas gelistirilme amaclari gorsellestirme (rendering) ve oyunlardir.

 PC'lerde, oyun konsollarinda bulunmakla birlikte son vyillarda cep
telefonlari, tabletler, gomuli sistemler ve arabalarda da bulunurlar.

AiB graphics chips Q4 /2019 Q1/ 2020 Q2 / 2020 Q3 / 2020 Q4 / 2020
AMD 31.1% 230.8% 22% 23% 17%
nVidia 08.9% £9.2% 8% 7% 83%

Source: Jon Peddie Research @




GPU’lar ile Parallel Isleme

GPUs are fast...
GTX 285 has 240 cores, 1 TFLOPS

GTX 480: 1345 GFLOPS 250W, March 2010

GTX 590: 2488 GFLOPS 244W, March 2011

GTX 680: 3090 GFLOPS 195W, March 2012

GTX 780Ti: 5046 GFLOPS 250W, November 2013 (649S)

GTX 980: 4612 GFLOPS , 165W, September 2014 (549S) (Later: 5632 GLOPS, 250W)
GTX 980 notebook: 4612 GFLOPS, 145 W, September 2015

GTX 1080: 9 TFLOPS, 180W, May 2016 (5995)

GTX 1080TI: 11.3 TFLOPS, 250W March 2017 (699S)

RTX 2080TI: 13.4 TFLOPS, 250W, Sept 2018 (999S)

RTX 3080: 29.8 TFLOPS, 320W, Sept 2020 (700$)

Note: Intel Core i7-8700K 6-core CPU has a performance of 218 GFLOPS @95W



Grafik Isleme Uniteleri (GPU)
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Egitim: Donanimlar - NVIDIA

EGITIM

DGX-1 & DGX Station

Tesla A100
RTX/,GTX Tesla V100
series




Egitim: Donanimlar - Goggle

Google Cloud Tensor Processing Units (TPUs)

 TPU’lar makine 6grenmesi algoritmalarini hizlandirmak tzere 6zel olarak
tasarlanmis uygulamaya 6zgul tim devrelerdir (ASIC)

 Temel olarak lineer cebir hesaplamalarini hizlandirirlar ve modellerin Tensorflow
ile egitilmeleri amaciyla kullanilabilirler




Egitim: Kutuphaneler

Frameworks

Paper Implementations grouped by framework

1008

@ Other languages and framewarks
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@ TensorFlow

@ 1ax
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@ Caffez

Ti%

S0%
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s 0ther languages and frameworks: 373 (1135 repos)
#PyTorch: 29% (883 repos)

s TensorFlow: 349 (1044 repos)
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aVMet: 05 (13 repos)

e Caffe2: 1% (18 repos)
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Kaynak: https://paperswithcode.com/trends




Egitim: Hiper-Parametre En lyilenmesi

Model en iyilenmesi ve hiper parameterlerin ayarlanmasi: Hyper-parameter
optimization (HPO)

* HPO en iyi hiper-parametrelerin secilmesi islemidir.
 HPO yontemleri modelin pek cok kez egitilmesini temel alir.

 Her yeni hiper-parametre yeni bir boyut eklenmesine sebep olur ve islem
karmasikhgini Gssel olarak artirir, bu nedenle pahali ve yogun kaynak kullanimi
gerektiren islemlerdir

* |deal olarak HPO islemi modelin kosturulacagi hedef platformun belirlenerek
dikkate alinmasini gerektirir. Gomula sistemler ve mobil cihazlarda ener;ji
tiketimi ve hafiza kisitlarinin farkinda olan (hardware-aware ML) yaklasimlarla
model dogrulugu ve donanim verimliligini bir arada en iyilenmelidir.

Paleyes, A., Urma, R.G. and Lawrence, N.D., 2020. Challenges in deploying machine learning: a survey of case studies. arXiv preprint arXiv:2011.09926.



Egitim: Hiper-Parametre En lyilenmesi

Optuna: Optimize Your Optimization

Acik kaynakli hiper-parameter en iyileme catisidir, hiper-parameter taramasini otomatiklestirmeyi

hedefler
Key Features
Eager search spaces State-of-the-art algorithms Easy parallelization
A ofo
o-H-0
" 4 050
Automated search for optimal Efficiently search large spaces and Parallelize hyperparameter searches
hyperparameters using Python prune unpromising trials for faster over multiple threads or processes
conditionals, loops, and syntax results without modifying code

https://optuna.org/
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Package model

Figure from “Drive Efficiency and Productivity with Machine Learning Operations”, Microsoft Azure White Paper



Paketleme: Open Neural Network Exchange (ONNX)

e Egitim cerceveleri cikarsamanin verimli olmasi icin tasarlanmamislardir.
Ayrica model yapilarinin ileride degismesi olasidir.

e Egitimin tamamlanmasinin ardindan modellerin disariya uyumlu bir yapida
aktarilarak 6zellesmis cikarsama motorlarinin kullanilmasi tercih sebebidir.

(<

KEY BENEFITS

';'\'l‘Tl',';' Interoperability E| Hardware Access
J;L Develop in your preferred framewaork without worrying about e = ONNXmakes it easier to access hardware optimizations. Use
downstream inferencing implications. ONNX enables you to ONNX-compatible runtimes and libraries designed to maximize
use your preferred framework with your chosen inference performance across hardware.
engine.
SUPPORTED FRAMEWORKS > SUPPORTED ACCELERATORS >




Paketleme: Open Neural Network Exchange (ONNX)

* ONNX’'de model grafik yapisinda bicimlendirilir.




Paketleme: Open Neural Network Exchange (ONNX)

* ONNX, veriyi Google tarafindan gelistirilmis olan Protocol Buffer (protobuf) adl bir formatta
saklar.
* Bu format Tensorflow ve Caffe kiitiiphaneleri tarafindan da kullaniilmaktadir.

* Protobuf yapisinda sadece Float32 gibi veri turleri ve verinin sirasi belirtilir, her verinin anlami
kullanilan yazilima birakilir. Kavramsal olarak, json gibidir.

e Kutiphanelerin ONNX ciktisi birbiri tekrar eden modillerden olusabilecegi icin, ek bir
basitlestirme adimina tabi tutulabilir.

* ONNX Simplifier: https://github.com/daquexian/onnx-simplifier

ONNX dosyalari Netron ile gorsellestirilebilir.


https://github.com/daquexian/onnx-simplifier
https://github.com/lutzroeder/netron
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Validate model

Figure from “Drive Efficiency and Productivity with Machine Learning Operations”, Microsoft Azure White Paper



Model Dogrulanmasi

- Gereksinim Kodlamasi (Requirement Encoding)
- Resmi Dogrulama (Formal Verification)

- Teste Dayali Dogrulama (Test-Based Verification)
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Deploy model

Figure from “Drive Efficiency and Productivity with Machine Learning Operations”, Microsoft Azure White Paper



Derin Ogrenme Donanimlari
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GPU

NVIDIA Jetson

Jetson TX2 Jetson TX1

NVIDIA Pascal™, 256 NVIDIA Maxwell ™, 256

CUDA cores CUDA cores
HMP Dual Denver 2/2 MB
CPU L2 + Quad ARM® A57/2 MB L2
Quad ARM® A57/2 MB L2
4K x 2K 60 Hz Encode 4K x 2K 30 Hz Encode
Video (HEVC) (HEVC)
4K x 2K 60 Hz Decode (12- 4K x 2K 60 Hz Decode (10-
Bit Support) Bit Support)
Memor 8 GB 128 bit LPDDR4 4 GB 64 bit LPDDR4
y 59.7 GB/s 25.6 GB/s
Displa 2x DSI, 2x DP 1.2/ HDMI  2x DSI, 1xeDP 1.4/ DP 1.2
play 2.0/ eDP 1.4 / HDMI
Up to 6 Cameras (2 Lane)  Up to 6 Cameras (2 Lane)
Csl CSI2 D-PHY 1.2 (2.5 CSI2D-PHY 1.1 (1.5
Gbps/Lane) Gbps/Lane)
PCIE Gen 2 | 1x4 + 1x1 OR 2x1 + Gen 2 | 1x4 + 1x1

1x2

Data Storage

32 GB eMMC, SDIO, SATA 16 GB eMMC, SDIO, SATA

CAN, UART, SPI, 12C, 12S, UART, SPI, 12C, 12S,

Other GPIOs GPIOs

USB USB 3.0+ USB 2.0

Connectivity 1 Gigabit Ethernet, 802.11ac WLAN, Bluetooth
Mechanical 50 mm x 87 mm (400-Pin Compatible Board-to-Board

Connector)




NVIDIA Jetson Xavier

The Tech Specs

Jetson Xavier 1/0

GPU 512-core Volta GPU with Tensor Cores Display (3x) eDP/DP/HDMI at 4Kps0 | HDMI 2.0, DP

HBR3
DL Accelerator (2x) NVDLA Engines

Camera 16 lanes CSI-2, 40 Gbps in D-PHY V1.2 or 109
CPU 8-core ARMv8.2 64-bit CPU, 8MB L2 +

Inputs Gbps in CPHY v1.1
4MB L3
8 lanes SLVS-EC
Memory 16GB 256-bit LPDDR4x | 137 GB/s
Up to 16 simultaneous cameras
Storage 32GB eMMC 5.1
PCle 5% 16GT/s gen4 controllers | 1x8, 1x4, 1x2, 2x1
Vision 7-way VLIW Processor - (3x) Root Port + Endpoint
Accelerator . (2x) Root Port
Video Encode (2x) 4Kp60 | HEVC
USB (3x] USB 3.1 [106T/s]
Video Decode (2x) 4Kp60 | 12-bit support
(4x) USB 2.0 Ports
Mechanical 100mm x 87mm with 16mm Z-height

Ethernet (1x] Gigabit Ethernet-AVB over RGMII
(699-pin board-to-board connector)
Other I/Os UFS, 125, 12C, SPI, CAN, GPIO, UART, SD




Edge TPU

* Edge TPU: Google tarafindan tasarlanan ve dusik gucli cihazlar icin yiksek performansli
cikarsama saglayan uygulamaya kiicliik bir 6zel entegre devre (ASIC)'tir.

* MobileNet V2 gibi modelleri 100+ fps'de glic acisindan verimli bir sekilde ¢alistirabilir.

* Tensorflow Lite destegi de bulunmaktadir.

Bir Cent lizerinde iki Edge TPU yongasi. Edge TPU'lu USB Hizlandirici.

coral.withgoogle.com/tutorials/edgetpu-fa

https:



https://coral.withgoogle.com/tutorials/edgetpu-faq/

Edge TPU — Coral Toolkit

e Coral gomula Al ¢cozimleri icin batincul bir ¢cézUm icerir.

* Prototip olusturmak icin tek-kart bilgisayar ve USB cihazlari bulunmaktadir.

 Uretime hazir ¢cdziimler sunan sistem moduli ve PCI-E modiili mevcuttur.




Edge TPU — Intel® Movidius™

* Cikarsama uygulamalariicin hizlandirici

Movidius

Neural Compute Stick

.




loT Devices — Raspberry Pi

* TensorFlow Lite destegi bulunmaktadir

* Ciktilar 4S fiyati bulunan Raspberry Pi
Pico Uzerinde dahi calistirilabilir

* Bu cihaz iki cekirdekli Arm Cortex-MO+
islemci barindirir, 264KB dahili RAM’i
bulunmaktadir ve 16 MB’a kadar cip
disinda Flash bellek destegi vardir.




MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications

Object Detection Finegrain Classification

Photo by Juanedc (CC BY 2.0) / / / / / / L Photo by HarshLight (CC BY 2.0
BN B

Face Attributes Landmark Recognition

MobileNets

Google Doodle by Sarah Harrison Photo by Sharon VanderKaay (CC BY 2.0

Figure 1. MobileNet models can be applied to various recognition tasks for efficient on device intelligence.

Howard, A.G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., Andreetto, M. and Adam, H., 2017.
Mobilenets: Efficient convolutional neural networks for mobile vision applications. arXiv preprint arXiv:1704.04861.




Efficientnet: Rethinking model scaling for convolutional neural networks

44x less compute required to get to AlexNet performance 7 years later

Teraflop/s-days
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Tan, M. and Le, Q., 2019, May. Efficientnet: Rethinking model scaling for convolutional neural networks. In International
Conference on Machine Learning (pp. 6105-6114).

©




Bliyuk Model Egitip Daha Sonra Sikistirma

Common Train Small | Stop Training i Lightly

Practice Model When Converged Compress
: Train Large | Stop Training : Heavily

Optimal Model Early Compress

Li, Z., Wallace, E., Shen, S., Lin, K., Keutzer, K., Klein, D., & Gonzalez, J. E. (2020). Train large, then compress: Rethinking model suﬂficient training and inference of transformers. arXiv preprint arXiv:2002.11794.


https://bair.berkeley.edu/blog/2020/03/05/compress/

Model En lyilenmesi

- Quantization: Cikarsamada Kullanilan veri tipinin hassasiyetini
azaltarak hiz kazanilabilir.

- Ornegin ResNet50 modelinin Tesla T4 lizerinde 32-bit float yerine 16-bit
kullanildiginda 4.27 kat, Int8 kullanildiginda 7.95 kat hizlanma kazandigi
gorulmustur

- Pruning: Modelin kullanilmayan kisimlarinin kirpilmasi islemidir.



OpenVINO:Open Visual Inference and Neural Network Optimization

* Intel tarafindan cikarsama islemlerinin hizlandirilmasi icin saglanan bir arac
kitidir.

 CPU, GPU, Intel® Movidius™ Neural Compute Stick ve FPGA gibi farkli ortamlarda
hizlandirma mumkundur.

* Farkli derin 6grenme modellerini desteklemektedir.

IZI} Decode E::>Pre—ProcessingLJ'::>Inference »Post—Processing[:::} Encode [::>

O e @ Y v




NVIDIA TensorRT

e Egitilmis ag modeli TensorRT ye verilerek en iyilenmesi saglanir
* Model ONNX ¢iktisi olarak verilebildiginden ONNX destegi olan tim platformlarla birlikte ¢alisabilir.
e Cikti dogrudan TensorRT Runtime tarafindan farkli hedef platformlarda calistirilabilir ve hedef platform icin

eniyilenmistir.

g

JETSON Xavier




Google MediaPipe

* MediaPipe canli ve akan yayinlar i¢in a¢ik kaynak kodlu, farkl platformlari
destekleyen ve 6zellestirilmis bir ¢ozimdur

il MediaPipe

;f

End-to-end acceleration Build once, deploy anywhere Free and open source
Built-in fast ML inference and Unified solution works across Android, Framework and solutions both under
processing accelerated even on I0S, desktop/cloud, web and loT Apache 2.0, fully extensible and
common hardware customizable

https://mediapipe.dev/



https://mediapipe.dev/

Tencent TNN

 Derin Ogrenme cikarsama optimizasyonu cercevesidir.

* ONNX formatina cevrilen modellerden Adreno, Mali, Apple ve Nvidia GPU’lar ve
ARM x86 CPU’lar uzerinde optimize edilmis C++ derlemeleri Gretmektedir.

* Openvino, TensorRT ve diger cesitli optimizasyonlar ayni cerceve Uzerinde
vapilabilir.



https://github.com/Tencent/TNN

NVIDIA Docker

* Docker® konteynerleri CPU tabanli
uygulamalarin farkli makineler Gzerinde CONTAINER 1 CONTAINER N
kolaylikla kurulmasini saglar.

CUDA ToolKit «--cevreeremmemaeen-

* NVIDIA Docker, bu uygulamalarda GPU’larin
da kullanilmasinit mimkun kilmaktadir.

Container 0S User Space

Docker Engine

* Konteyner kullanimi ile:
® Tekrarlanabilir derlemeler mimkuin olur
® Farkh makinalara konuslandirma kolayca
yapilabilir




Sonuclar

* Model gelistirme makine 6grenmesi sistemlerinin en 6nemli
asamalarindan bir tanesidir

 Ancak modelin gelistirilmesinin ardindan gercek hayatta istenen
dogrulukta ve performansta calisacak sistemlerin olusturulmasi
onemli cabalar gerektirir.

* Busistemlerin olusturulmasi konusunda yogun cabalar
bulunmaktadir, bu sayede farkli donanim ve yazilim platformlari
ortaya citkmistir.

* Bu platformlar arasindan uygun olanin secilmesi ve modelin hedef
donanima gore en iyilenmesi dnemli bir konudur.



