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| apologize tor using English

* OcTaBun MHOTMe TEPMUHbI HA AaHTTMUCKOM
° JTaleKuunsa CrIoXKHee gpyrmx

* Pewwnn, 4yTto Tak byaeT NoHATHee



Pa3BepTbiBaHWE MOENN

* [pOe KOHKpeTHO byaeT pabotatb ML-mopgenb
* Korga 6yayT paccumTbiBaTbCS NpeAcKa3saHns Moaenmu
* Kak Moaenb NosyyYuT 3anpoc Noib30oBaTeNs

* KaK nonb3oBaTenb NOoONYy4HNT OTBET MOAENN



(il Re =@ it

* Offline datay Bac yxe ecTb

— MoxeTe 04nNCTUTb, Npeobpa3oBaThb
— 3apaHee nocyMTaTb 3MbeaaMHIK

— Tonb3oBaTenb npucaan gaHHble, MOXXHO 06paboTaTh UX MOTOM
* Real-time data

— Tonb3oBaTenb Npucnan gaHHble, HY)XHO 06paboTaTh Nx cemyac



Online vs Batch vs Streaming processing

* Online Processing (by demand)
— [lonb3oBaTenb NpUCbINAeT OAMH 3anpoc
- MO,IJ,eJ'Ib aenaet npegcKasaHume
* Batch processing
- Co6|/|paeM MHOTO 3anpocoB
— Ob6pabaTbiBaeM X BMeCTe
* Streaming processing

— [lonb3oBaTeNib MOCTOSAHHO NPUCbLINAET AdHHbIE

— Mopenb NOCTOAHHO BblgaeT NpeacKasaHms



Cloud vs Edge computing

* Cloud computing

— Mopenb paboTaeT Ha BblAeNIEHHbIX CEpBeEpaXx
B 06/11aKe MM BalleM faTaleHTpe, NOCTENEHHO pa3HuLLa CTUPAETCS

* Edge computing >
— Mopenb paboTaeT Ha KOHEYHOM YCTPOMUCTBE
- Hanpumep, Ha TenedoHe nonb3oBaTens
— Wnu Ha komnbloTepe nosib3oBaTens
—  UNu BHYTPU «YMHOMN KOJTOHKWN»
—  Wnv BHYTpW Kamepbl BUAEeOHabnogeHms

- Wnn B 6paysepe - cm Tensorflow JS


https://en.wikipedia.org/wiki/Edge_computing
https://www.tensorflow.org/js/tutorials
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* [enaemM npunoXxeHume, peKoMeHayruee MapLlwpyT gaa nporynxku
°* Ha oCcHOBe AaHHbIX

—  TeKyllee MeCcTonoJIOXeHNE, UCTOPUS MECTOMONOKEHNN

- ﬂpOCbI/Iﬂb MoJsib30BaTesIA, KaneHgapb Nosb30BaTeNA

— [porHo3 noroabl, NPOrHO3 AOPOXHbIX NPOHOK

- HoBocTun

—  WcTopusa pekoMeHaauni n oLeHoK

* Tpepnaraem MapLuyT NPOryaKu



[ TpMep: MaplwpyT NporynKku

° 3anyckKaem
° Bugum Kapty

* HpaBuTca:
3anycKaem HaBuraTop

°* He HpaBuTcA:
npepgnaraem eue
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https://www.elle.ru/stil-zhizni/10-idealnyih-peshehodnyih-marshrutov-po-moskve/


https://www.elle.ru/stil-zhizni/10-idealnyih-peshehodnyih-marshrutov-po-moskve/

BapraHTbl pa3BepTbiBaHMA MOAENM

* OHNanH pekoMeHgauunm (no 3anpocy):

— JlokanbHo, TenedoH paccYnTbIBaeT MapLLpyT

3anpoc Ha cepBep, CepBep pPacCcYNTbIBAET MAPLLPYT

* [lakeTHaa pekoMeHaaLuUs

3apaHee cyntaem 10 pekomMeHgaumnm
019 KQXXA0ro nNosib3oBaTens

3arpy»aeM Ha TenedoH
Npu cTapTe NPUNOXKEHUS

inn oTgaem no 3anpocy, Kak 6yaTo 3TO OHIaMH peKoMeHZauuns



[ TpmMep: JloKanbHble pekomMeHaaL

* be3onacHO — gaHHble NONb30BaTENSA He NepeaatoTCs
* MoxeT paboTaTb 6€3 MHTEpPHETA

* [leweBo — nofb3oBaTe/b CaM NOKynaeT TenedoH

* OrpaHM4YeHUs NO BbIYUCANUTENBHOM MOLLHOCTH
* OrpaHu4eHus No MecTy
* HeT gocTyna K HawuM gaHHbIM Ha cepBepe

* TpyaHo 06HOBASATbL MOAENU



[pumep: OHNanH peKoMeHaaLnm

* bonblas NponycKHast CNOCOBHOCTb:
MOXEM KyMnUTb MHOIO CEPBEPOB

* CoxpaHsieM B TallHe Halu Moaenu

* Cobupaem CTaTUCTUKY N pa3MeETKY

° Hy)XHO NNaTuUTb 3a cepBepa
* HepaBHOMepHas Harpyska — BCe uayT rynsitb B 0beg 1 Be4epom

* Ecnu cBA3b Med/1eHHas, NoNb30BaTeNt0 NPUAETCS XAAThb



[ lpMep: [lakeTHble peKoMeHaaLnm

* CepBep oTBeYaeT bbICTPO

° 3ap,ep>1<Ka MOOE/IN HE TaK BaXXHA — CHUTAEM BCe 3apaHee

* [lpuUXoAmnTCs CYUTATb MHOIO PEKOMEHAALMN
* MHOro MecTa Ansa XxpaHeHUs peKoMeHaaLnm
* Bonbllas 4YacTb U3 HUX OKAXKETCS HE HYXKHA

* He MOXeM MrHOBEHHO Yy4YMTbIBaTb UI3MEHEHMNS — HaNpuUMep,
00X Ab, NEepPeKpbITblie 4OPOrn, aBapum



[ lpMep: [loTOKOBbIE peKoMeHaaL K

* KoopauHaTbl NepeaarnTcs HeENPEepPbIBHO
* MapLpyT nepecTpamBaeTcs Ha Xxoay

°* Y4ynTbiBaeM BCe HOBblE AdHHbIE

° bonbliag Harpyska Ha ceTb

* bonbwag Bbl4UCANTENBbHAA Halrpy3Ka



[L1abnoHbI peanm3aunm

* Online Processing, offline data
* Online Processing, offline data + real-time data

* Streaming processing, offline data + real-time data

* Online Processing, real-time data

* Streaming processing, real-time data



[TakeTHas 06paboTKa
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OHNauH npeackasaHns

[TpnnoxeHune
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XpaHmnmu.ll,e AAHHbIX
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[ToTOKOBas 06pPaboTKa

-

1 1 [ToTOKOBbIE AQHHbIE >
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[lannnanHbl 0byYeHns 1 MHPEPEHCA

NMpeackasaHue)
[loTOKOBbIE [MoTokoBas [loTOKOBbIE
—> —> —> ML Mopenb
OAHHble obpaboTka NPU3HAKU
O6yueHue)

NakeTHasa _ OddnanH

Cratnyeckne —
obpaboTka NPU3HAKU

AddHHbIE

—> ML mopenb




Batch prediction

* Faster
* Sometimes cheaper

* Rarely better

* BbICTpee CeTU CBS3U U KOMMNbKOTEPbI > OHMANH NpeACcKa3aHus
* HO — rmraHTCKmMe HEMPOHKN?

* Thinking, Fast and Slow, by Kahneman — 06a nogxoga nonesHol


https://en.wikipedia.org/wiki/Thinking,_Fast_and_Slow

YCKOpeHue paboTbl MOeNen

* Model Compression

* Low-Rank Factorization
* Knowledge Distillation
* Prunning

* Quantization
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Benchmarks for some of the most popular open-source neural networks models after they have been optimized with enot.ai's tech. /
View more in our benchmarks section. @ % i,
= R R e
i Object detection 6.8x 2
Yolo_vbs acceleration ¥
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Image classification 11.2x
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https://enot.ai/



https://enot.ai/

OpenVINO

OpenVINO Workflow

— —

OPTIMIZATION DEPLOYMENT

t L t
train the model purself retrain with optimizdion run inference locally
pick a pe-trained model quantize build package / image
download a model fom convert fo optimized serve a model with
Open Model Zoo OpenVINO IR OpenVINO Model Sener

https://github.com/openvinotoolkit/openvino


https://github.com/openvinotoolkit/openvino

DOCS ~ NEWS ABOUT COMMUNITY ~ GITHUB

;ﬂ; Deploy Model

Inference

Deploy your ONNX model using runtimes designed to accelerate inferencing.
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https://onnx.ai/


https://onnx.ai/

ManeHbKune xmutpocTu ansg PyTorch

* PyTorch nvFuser

- JIT
* Hugging Face Accelerate

— PacnpepeneHHbIn nHbepeHc
* DeepSpeed

— PacnpepeneHHbIn nHbepeHC

—  OnTumMnsnposaHHble gns nHgepeHca CUDA Kernels

- MoQ quantization


https://pytorch.org/tutorials/intermediate/nvfuser_intro_tutorial.html
https://huggingface.co/docs/accelerate/index
https://www.microsoft.com/en-us/research/blog/deepspeed-accelerating-large-scale-model-inference-and-training-via-system-optimizations-and-compression/
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NVIDIA Triton

What is NVIDIA Triton?
Benefits
Functionality
Scalable Al
Model Orchestration
LLM Inference
Model Analyzer
Tree-based Models
Ecosystem Integrations
Success Stories
Resources

Inference Newsletter

olfinef T

N

Support for multiple
frameworks.

Triton supports all major
training and inference
frameworks, such as
TensorFlow, NVIDIA®
TensorRT™, PyTorch, MXNet,
Python, ONNX, XGBoost, scikit-
learn, RandomForest,
OpenVINO, custom C++, and

maore.

Explore the benefits.

High-performance
inference.

Triton supports all NVIDIA GPU-,
x86-, Arm® CPU-, and AWS
Inferentia-based inferencing. It
offers dynamic batching,
concurrent execution, optimal
model configuration, model
ensemble, and streaming
audiofvideo inputs to maximize
throughput and utilization.

https://developer.nvidia.com/nvidia-triton-inference-server

Designed for DevOps
and MLOps.

Triton integrates with
Kubernetes for orchestration
and scaling, exports
Prometheus metrics for
monitoring, supports live model
updates, and can be used in all
major public cloud Al and
Kubernetes platforms. It's also
integrated in many MLOps
software solutions.

An integral part of
NVIDIA Al

The NVIDIA Al platform, which
includes Triton, gives
enterprises the compute power,
tools, and algorithms they need
to succeed in Al, accelerating
workloads from speech
recognition and recommender
systems to medical imaging
and improved logistics.


https://developer.nvidia.com/nvidia-triton-inference-server

[lononHWTEeNbHble MaTepMarsbl

* Introduction to streaming for data scientists
* MLPerf Inference Benchmark
* MLPerf Inference Results

* How We Scaled Bert To Serve 1+ Billion Daily Requests on CPUs


https://huyenchip.com//2022/08/03/stream-processing-for-data-scientists.html
https://arxiv.org/pdf/1911.02549.pdf
https://github.com/mlcommons/inference
https://medium.com/@quocnle/how-we-scaled-bert-to-serve-1-billion-daily-requests-on-cpus-d99be090db26
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