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4.1.19 un3HeHHbIN umkn (life cycle): Pa3euture cucremsl,

NPOAyKUNK, YCNYrn, NPOeKTa NN APYron co3gaBaeMomn
4eNOBEKOM CYLLIHOCTW OT 3aMblC/1a A0 CNMUCAHUS.

4.1.20 mopenb xn3HeHHoro umkna (life cycle model): CTtpykTypHas
OCHOBA NPOLECCOB M OENCTBUMN, OTHOCALLNXCS K XXU3HEHHOMY
LIMKNY, KOTOPas TaKXe CNYXUT B KayecTBe 06LLero aTasioHa ans
YCTaHOB/EHNSA CBA3EN N MOHUMaHUS.

FOCT P 57193-2016 MNMPOLIECCHIXXWN3HEHHOIO UWNKAA CUCTEM


https://docs.cntd.ru/document/1200141163

CRISP-DM (1999}

* Mopenb XU3HEHHOro unkKna

° Yerapena
[lpoBepeHa BpeMeHeM

. I I Pre::rtaation
KpacnBas -\ _

°  HencRoAb3yeTEAHIAPaKkTHKe-

MogxoanT gns obyvyeHUs CTYAEeHTOB

https://ru.wikipedia.org/wiki/CRISP-DM


https://ru.wikipedia.org/wiki/CRISP-DM

AWS machine learning litecycle

Business
° Pelwaem Goal
¢ ﬂleﬂaeM — ML Problem

Framing
* CmoTpum
Machine Learning

« [lopabaTbiBaem Lifecycle
[ ]

Deployment

Model
Development

https://docs.aws.amazon.com/wellarchitected/latest/machine-learning-lens/well-architected-machine-learning-lifecycle.html


https://docs.aws.amazon.com/wellarchitected/latest/machine-learning-lens/well-architected-machine-learning-lifecycle.html

loe oo Dalle elcme= Froc-

* Pewaewm
° [lenaem
* CmoTpum

* [opabaTtbiBaem

Data Science Lifecycle

Business
Understanding

[oPY PN SPIIY On-Premises vs Cloud
Database vs Files
o Streaming vs Batch
Pipeline Low vs High Frequency
: On-premises vs Cloud
(SOVIGT T IlIdl Database vs Data Lake vs ..
Small vs Medium vs Big Data

Wrang Structured vs Unstructured
Explora £ Data Validation and Cleanup

Transform, Binning RSN NEN
Temporal, Text, Image S
Feature Selection [RRCETL
Algorithms, Ensemble pata
Parameter Tuning Model Modeling Acquisition &
Retraining Training Understanding
Model management

Cross Validation Model
Model Reporting E :
valuation
A/B Testing

Cleaning Visualization

Customer

Deployment
Acceptance

Intelligent

Applications

https://learn.microsoft.com/en-us/azure/architecture/data-science-process/lifecycle


https://learn.microsoft.com/en-us/azure/architecture/data-science-process/lifecycle

Reliable ML

* Pewaem Reliable ML

®peiiMBOPK N0 BHeAPEHUIO U Pa3BUTHIO NPOABUHYTON aHANUTUKK

Kak suibpats HanpaeneHue

° [lenaem
pabortsl, koTopoe Byner

° C MOT p UM r[ Bui6op npoekTa ] j' HaUBONEE MONe3HO KoMNGHHK

MoHutopuHr g Kak cospars peweHue, 4robsi:
Kak cpenats u3 — ML System De P !
® D'O pa 6aT bl B a e M npototuna crabunsHoe [ MofAenbHOro pucka ] [ e ] = SHOMOMIS BEYPOUTECRR

Hec-
Boesoe peleHne 1 6us ec6l'lpou.ecc
- MOXHO BbINO NOHATL, XOPOLWO
onpenenuTb, KOrAa ero ) XOp!

HyxHO popabatbiBats [ ] Mnu nnoxo oHo pabotaet

LN} peweHus npororuna

oueHka 3¢ dekTa

Bueppenue ] [ Paspaborka

Kak nowsite, npuHocuT nu
uHaHCOBYIO NpHBLING peleHre
8 BoeBbIx ycnosusx

#ReliableML


https://t.me/reliable_ml/89

Mopaenb npuaeTcs opabaTbiBaTb

e CpBur gaHHbix Data Shift

* MeHsitowmecs busHec-TpeboBaHMS

* Kak yvacto nepeobyyaTtb Moaenb?

* JloCcTaTO4YHO NN NepeodbyynTb MOAEsb HAa HOBbIX AaHHbIX?

* Kak cpaBHUTb NPOV3BOAMTENIBHOCTb HOBOW 1 CTapou Mogenn?

e Kak aBTOMaTM3MpOBaTb AO0OY4YeHME Mmoaenen?

https://medium.com/@nagasanjayvijayan/continuous-training-of-ml-models-7d8acaf44dda


https://medium.com/@nagasanjayvijayan/continuous-training-of-ml-models-7d8acaf44dda

HOBbIE JaHHbIE UV HOBAs apXMTEKTYPa

°* AKUEHT Ha AaHHbIX:

— EcTb BO3MOXHOCTb NepeobyyaTb MOAeNb Yallle, U 3TO AaeT oTaavy
—  ECTb BO3MOXHOCTb AIOMUCTUTb AaHHbIe, M 3TO AAeT oTaaudy

— ECTb BO3BMOXHOCTb ,D,O6aBI/lTb ewe aHHbIX, N 3TO Aa€eT OTAa4Yy
* AKUEHT Ha HOBOU apXUTEKTYpE:

—  Bce, YTO MOXHO cienaTb C AaHHbIMU, yXKe caenanmu



[TOCTOAHHOE 0O0byYeHe MOdENY

* Wpes:
— poobyyaTb MOAenb KaXabli pas, Kak NPUXoAUT HOBbIW NpUMep
* [pobnembl:

- KaTactpodunyeckoe 3abbiBaHue > >
— bonblas BblYMCANTENbHAS HArpy3Ka
—  ApXMTeKTypa ONnTMMU3NPOBAHa AN HdepPEHCa, He s 0byyYeHuns

* PeweHue:

— [ooby4yaTb 6aTyamu (pa3 B geHb nnum Kaxgble 1000 To4ek, HanpumMep)


https://arxiv.org/abs/1801.01423
https://openaccess.thecvf.com/content_ICCV_2019/papers/Lee_Overcoming_Catastrophic_Forgetting_With_Unlabeled_Data_in_the_Wild_ICCV_2019_paper.pdf

KaK 4acTo goobyvaTb MOAENb?

* MHOrO 11 AaHHbIX NOCTyNaeT?

* BbICTPO N1 MEHAOTCA pacnpegeneHms?

* 3aMeTHbI N yNyYlleHns nocse nepeobyyenmns?

* B npou3BoacTBe — Yallle, Y4eM MEHSAOT OCHOBHbIE AATYMKN (> 2X)

Prediction accuracy clearly degrades for both models as the
delay between training and test set increases. For both mod-
els it can been seen that NE can be reduced by approxi-
mately 1% by going from training weekly to training daily.

https://research.fb.com/wp-content/uploads/2016/11/practical-lessons-from-predicting-clicks-on-ads-at-facebook.pdf


https://research.fb.com/wp-content/uploads/2016/11/practical-lessons-from-predicting-clicks-on-ads-at-facebook.pdf
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[lepeobyyaTth nnm goobyvats?

Stateless oby4yaem c Hynsa

[ Mopenb v3 }

[ Mopenb v2 }

Mopoenb v1 }

Mopgenb v1 Iv1.1 Iv1.2[v1.31v1.3}

Statefull nooby4yaem 10, 4TO €CcTb




4TO OrpaHMYmMBaET 4acToTy ODYyYEH S

* [lpobnembl C 4OCTYMOM K AaHHbIM

* [lpobnembl C 4OCTYNOM K pa3MeTKe

* CKOpOCTb NepeobyyveHus

* [lpobnembl C OLLEHKOWN N CPAaBHEHMEM MOOENEN

* OrpaHuyeHna ML-anropntmoB



[1o0by4eHme: JOCTYN K CBEXUM AaHHbIM

* [lpobnema:
— Hy)XXHO 4acTo BbIrpyXaTb flaHHble U3 XpaHuuLa
* PeweHwue:

- 5paTb HOBbIE€ laHHbIE N3 KOHBEEPA AaHHbIX. KeLLIVIpOBaTb NMPU3HaKN.

[ Amazon Kinesis | [ Amazon Redshift |
Apache Kafka Snowflake
[ Aop | Cclickstreams . Google Dataflow . Google BigQuery
RT transport Data warehouse
. S . J




[100by4YeHe: OCTYMN K CBEXEW Pa3MeTKe

* [lpobnema:
—  Mbl HE MOXEM Y4YNTbCS BbICTPeE, YEM MPUXOANT Pa3MeTKa
* PeweHwue:

— EcTtecTtBeHHble MeTKM natural labels
— O6paTHas cBsI3b OT NO/Ib30BaTENEN

- [porpamMHas cnabas pa3meTka (Hanpumep, Snorkel)


https://www.snorkel.org/

[100by4eHme: Bpems Ha OLLEHKY MOAenu

(TeKyu_Laﬂ Mozen b)




[100by4eHre: orpaHUYeHns anropuTMOB

* Hebonbline HEMPOHHbIE ceTU AO00bOYyYaTb MPOCTO
* bonblve HEMPOHHble ceTu fo0byYaTb AONrO

* AHCcamMbnu rpagneHTHOro bycTnHra g4oobyyaTb C/I0XKHO

— [locTpavBaeM gepeBbs

— Bpems OT BpeMEHM Y4NM C HYNSt UK fenaem gUCTUNNSLNIO
* ANroputMbl MaTpM4YHON hakTopM3aumMm goobyyaTb CIOXKHO

— EcTtb BapuaHThl, cM recalculate_* B implicit


https://implicit.readthedocs.io/en/latest/models.html

HeTbIpe OTTEHKa OHNAWH-00yYeH S

Manual stateless retraining

- TepeobyyeHue no 3anpocy

Automated stateless retraining

— [epeobyyeHune nNo pacnmcanuto

Automated statefull retraining

— YnpaBneHue BepcusiMu mogenen n gaHHbIX

Continual learning

— [nbkoe pacnucaHue poobydeHuns (Bpems, Ka4ecTBoO, 06BEM, CABUT)



lecTnpoBaHme BXMBYHO

KaK oueHUTb Ka4yecTBO foobyyeHHON mogenmn?

OueHnBaeM KayeCcTBO Ha CTapbIX AaHHbIX

— CABWUI AAaHHbIX UCKAXXAeT KavyecTBO

bakTecThbl (peTpoTecTbl) -

— [NepeobyyeHne Ha TeCTOBOM BbIbOPKeE

Tectn POBATb HA XXUBbIX AdHHbIX

— Ho kak?


https://en.wikipedia.org/wiki/Backtesting

lecTnpoBaHme BXMBYHO

* TeHeBoe pa3BepTbiBaHMe Shadow Deployment
* [lpobHbin penn3 Canary Release

* A/BbTecTnpoBaHue

* YepepoBaHue Interleaving

* MHoOropykue 6aHguTbl



Shadow Deployment

* Pa3BopaynBaeM HOBY MOAEb

* [lybnupyem Ha Hee TpadmK

* 3anucbiBaem NpeackasaHusl, HO He OTAAEM KITNEHTY
* AHanusupyem, olwnbnacb UNn HeT

* [pobnemsl:

— Mbl ygBanBaeM 3aTpaTbl Ha MHDEPEHC
— Mbl BblKaTblBa€M HOBYH MOf€eNb C 3a4€PXKKOM

— HyxHo yunTbiBaTb CMelleHMe BbiIbopku selection bias -


https://catalogofbias.org/biases/selection-bias/

Canary Release

* Pa3BopayMBaeM HOBY MOAeNb
* HanpaBnsem Ha Hee HebonbLYyO YacTb TpaduKa
* JloBuM rpyboie ownbkm

* [lepepn A/b TECTOM UM BMECTO HErO, €C/TN U3MEHEHNE HeDONbLLOE

Automated Canary Analysis at Netflix with Kayenta


https://netflixtechblog.com/automated-canary-analysis-at-netflix-with-kayenta-3260bc7acc69

A/B Testing

* Pa3Bopa4ynBaem HOBYI MOAENb

* HanpaBnsieM Ha Hee YacTb TpaduKa

e CpaBHMBAEM Ka4yeCTBO M OT3bIBbl MO/1Ib30BaTENEN
 A/A/B Test

* [lpobnembi:

— Panpomusauus Tpaduka

— CraTtuctmnyeckast MOWHOCTb (06beM BbIBOPKN)

https://www.algorithmicmarketingbook.com/
https://hbr.org/2017/09/the-surprising-power-of-online-experiments


https://hbr.org/2017/09/the-surprising-power-of-online-experiments
https://www.algorithmicmarketingbook.com/

Interleaving

A/B Testing
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https://netflixtechblog.com/interleaving-in-online-experiments-at-netflix-a04ee392ec55


https://netflixtechblog.com/interleaving-in-online-experiments-at-netflix-a04ee392ec55

Interleaving
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https://netflixtechblog.com/interleaving-in-online-experiments-at-netflix-a04ee392ec55


https://netflixtechblog.com/interleaving-in-online-experiments-at-netflix-a04ee392ec55

Ranaits

* Pa3BopayMBaeM HECKOJIbKO Mofenen

* Cny4YanHoO HanpaBasieM Ha HUX TpadurK

* Yewm nyywe mopgenb paboTaeT, TeM 60/blUE OHA NoJsly4YaeT Tpadumka
* Xyawwue mogenu ybupaem

* [lntocsbl:
— bBbICTpO Nepekntovaemcs Ha MOAENb, €CIN OHA 3HAYNTENBHO NyyLle
* MuHyCbI:

- CnoxHee, yeM A/B TecTbl



[lononHWTEeNbHble MaTepMarsbl

* Automated Canary Analysis at Netflix with Kayenta
* Online Learning for Recommendations at Grubhub
* Qvercoming Catastrophic Forgetting with Hard Attention to the Task

* Overcoming Catastrophic Forgetting with Unlabeled Data in the Wild

Bce bygeT B Tenerpam-KaHane


https://netflixtechblog.com/automated-canary-analysis-at-netflix-with-kayenta-3260bc7acc69
https://arxiv.org/abs/2107.07106v1
https://arxiv.org/abs/1801.01423
https://arxiv.org/abs/1903.12648
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