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e oceogclzelRle Mome

 JlaHHble

- ['pne XxpaHAaTCca OaHHble

- KakK AaHHble rOTOBATCH
* BblyncneHus

- ['ne KOHKpeTHo byneTt paboTtaTb ML-Moaens

- Korpga byaoyT paccymTbiBaTbCA Npeacka3aHna Mogenu
« KOMMYHUKaLUn4

- Kak Mopgenb noaydymT 3anpoc nosb3oBaTend
- Kak nosnb3oBaTesib NONYYUT OTBET MOoLeNn



Offline vs Real-time data

« Offline data y Bac y>xe ecTb

- MoxxeTe o4ncTnTb, NnpeobpasoBaTb
- 3apaHee nocymTaTb aMbeaanHrin

- [lonb3oBaTesnb npucsan gaHHble, MOXXHO obpaboTaTb KX
MNoTOM

« Real-time data

- [lonb3oBaTesb Npucsan gaHHble, Hy>kHO obpaboTaTb KX
cenyac



Online vs Batch vs Streaming processing

* Online Processing (by demand)
- Tonb3oBaTesb NPUCLISIAET OAUH 3anpocC
- Mopenb genaet npegckasaHue
« Batch processing
- Cobupaem MHOro 3anpocos
- O6pabaTbiBaeM Ux BMecTe
« Streaming processing

- [lonb3oBaTesib NOCTOAHHO NPUCbLI1IaeT AaHHble
- Mopgenb NOCTOAHHO BblAaeT npeanckasaHud



L lolld vs Fdge semputing

* Cloud computing

- Mogenb paboTaeT Ha BblAeNeHHbIX cepBepax
B o6/1aKe UK BalleM JaTaleHTpe, NoCTeNeHHo pasHuLLa CTUpaeTcs

 Edge computing -
- Mopenb paboTaeT Ha KOHEYHOM YCTPOUCTBE
- HanpwumMmep, Ha TenedoHe Nosb3oBaTensd
- Wnun Ha KoMnNbloTepe NoJsib3oBaTens
- NN BHYTPU «YMHOW KOJIOHKU>»
- Wnun BHYTpU Kamepsbl BUAeoHabogeHns
- Wnn B bpay3sepe - c™m Tensorflow |S


https://en.wikipedia.org/wiki/Edge_computing
https://www.tensorflow.org/js/tutorials

SafNada

- [enaem NpuioXXeHne, peKoMeHayLlLee MapwpyT A1
NPoryJaKu

e Ha ocHoBe OaHHbIX

- [llocneaHne NOCThI MOJIb30BATEJIA B COLUCEeTAX + HOBOCTU
- Tekyllee MecTonosIoXXeHne, NCTOPUA MeCTOMNOJI0OXKEHNN
- [lpohunnb Nonb3oBaTensd, KajeHgapb NoJib3oBaTesnd

- [lporHo3 noroabl, NPOrHO3 AOPOXXHbIX MPOOBOK

- WcTopuna pekomeHgaunnN N OLEHOK

« [pepnaraemMm MapLpyT NPOryaKu
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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/

Daall bl pasBERMBIBAF Y MO e 1)

 OHNavH pekoMeHgaumnm (No 3anpocy):

- JloKanbHO, Tene@oH pacCYNTbIBaeT MapLlpyT

— 3anpocC Ha cepsep, cepBep pacCHUTbIBaAET MapLUPYT
* [lakeTHaqa pekomMeHOauuns

- 3apaHee c4ynTtaem 10 pekomeHOauunmn
09 Ka>X40ro rnoJsib3oBaTtens

- 3arpy»xaem Ha tenedoH
Mnpwu CTapTe NpPpuUIoXXeHns

- nn oToaem o 3anpocy, Kak byaTo 3TO OHJIaH peKkoMeHaaLumns



L ToEbH:2 pekoperae UL

- be3onacHo — AaHHbIe NOJIb30BaTeNId He NnepenalTCc
 MoxeT paboTaTb 6e3 nHTEepHeTa
 [leweBo — NoJib30BaTeNlb CaM MNoKynaeT TenegoH

* OrpaHu4yeHuns No BblYUCINTENIbHOWN MOLLLHOCTW
 OrpaHun4yeHunsa nNo MecTy

 HeT pocTyna K HawmnM AaHHbIM Ha cepBepe
 TpyaHO OOHOBNATbL MOOENN



[TpnmMep: OHNanH pekoMeHdaunm

* Bbonbliasa nponyckHasa cnocobHOCTb:
MO>XEM KYMNUTb MHOIO CEPBEPOB

 CoxpaHseM B TalHe Haln Moaenu
 Cobupaem CTaTUCTUKY N pa3MeTKy
 MoxxeM ncnonb3oBaTtb ChatGPT ;-)

* Hy>XHO nNaaTuUTb 3a cepBepa
 HepaBHOMepHas Harpyska — BCe UayT rynaTb B 0ben n Be4epom
 Ecnnm cB43b MedJieHHas, NoJib30oBaTesNlo NpuaeTCca XXOaTb



e el [lekeiHeEE gekales e 1

 CepBep oTBeYaeT ObICTPO
« 3ajep)xkKa MOAENN He TaK Ba>XHa — CYMTaEM BCe 3apaHee

* MpuXxoonTCsa CYNTATb MHOIMO PEKOMEHJALINN
 MHOro MecTta A1 XpaHEHNs peKOMeHJaL N
« BoJsiblas 4YaCTb U3 HUX OKAXXETCS He HY>XKHa

* He MO)XeM MIHOBEHHO YYUTbIBaTb U3MEHEHUS — HAMPUMEp,
0OX[b, NepeKpbITble A0POrn, aBapumn



[lpmMep: [1oTOKOBLIE peKoOMeH daL

« KoopawuHaTbl NepenaloTca HenpepbIBHO
« MapLwpyT nepecTpanBaeTCca Ha xoay
° Y4yuTbiBaeM BCe HOBble OaHHbIE

 bosiblWaga Harpys3ka Ha CeTb
 bosibwaga BblYNCAUTEIbHaA Harpys3ka



LLIaDNoHbI peasin3aynmn

* Online Processing,
offline data

* Online Processing,
offline data + real-time data

« Streaming processing,
offline data + real-time data



[lakeTHad 0bpaboTKa

-

[TpnnoxeHune XpaHWUINLLE AaHHBIX ML-cepBUC
| | |
| | |
: | 1. Oppnant npusHakm |
| | |
! ' 2. penckasanns !
| | |
1 3. 3anpoc . .
R R R L L L L L L EEEEEEEEE > [
| | |
I 4, [OTOBbIW OTBET | l

---------------------------------- 1 |
| | |




OHNalH Npeacka3aHng

-

I'IpvmolmeHme Xpavamu_Ee NaHHBIX ML—CeIpBVIC
| 1. Oddnaiin aanrbie |
2.3anpoc e )
| | 3. Oddnain npusHakn
4 Mpenckasarns 1 |



[ToTOKOBas 00paboTKa

-

lMpunoxerne (EPOKeP Co0bLeHN I O XpaHuaue AaHHbIX
|

1 1 [ToTOKOBbIE AQHHbIE >

6 lNpeackazaHuns
' .8 Mpeackasanns

2 [1oTOKOBbIE AAaHHbIE

ML-cepBuc




[TannaanHbl 00Yy4YeHNs N MHMDepPeHCca

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

[MakeTHas OddnanH

Cratnyeckne —
obpaboTka NPU3HAKU

AddHHbIE

—> ML mopenb




Batch prediction

 bbICTpee
* NHorpa pewweBne
 Penko ny4yuwe

* bbICTpee ceTn N KOMNbIOTEPbI = OHJIAWH Npeacka3aHuns
* Ho — Bbonblune HeMpPoOHKM = ohbdlanH NnpeackasaHus
« Ho — ChatGPT —» oHnauH npeanckasaHums



OObIYHO MPUMEHAKTCA BMECTE

ONLINE
Ranked List Rec List
RSP < : TPP <
Candidate Sets Request
y )
Candidate Sets User Trigger
OFFLINE v

Inner Product
XTF Search © User

Graph Embedding = Behaviors
Training 121 Similarity Map

F 3

v

" Item-Graph _ :
Random Walk <+ Constraction + Log Preparing

https://eugeneyan.com/writing/system-design-for-discovery/


https://eugeneyan.com/writing/system-design-for-discovery/

ML MH@PaCTpYyKTypa M NAaTOOPMb

NHppacTpykTypa:
KOMIMJIeKC B3aUMOCBA3aHHbIX CTPYKTYP NN 00BbEKTOB,

obecneymBatloLLMX PYHKLMOHNPOBAHME CUCTEMDI

ML nHgpacTpyKTypa:
Habop obecneyvymBaOWNX CUCTEM U NHCTPYMEHTOB
AN NOOAOEPXKKN XXU3HEHHOIO LUUKA CUCTEMBI



(COCTaBHBIe YaCTW UH@PaCTPRYKTY B
A

More
commoditized

\/

Chip Huyen CS 329

Deye,lopme,nt Environment
e.g. IDE, git, CI/CD

ML Platform
e.q. model store, moni‘toﬁr\g

Resource momaggmgn‘t
e.q- workflow orchestrator

Storage L Compute Layer
e.q. AWS EC2/S3, 6CP, Snowflake

More impor‘tam‘t to
data scientists


https://docs.google.com/presentation/d/1b-NLyZW2M8D7r_SXLlpLWnosgryMp7luXcn4d9KAn9M/edit#slide=id.p

Kakne npobnembl pellaeT MHMPaCTPYKTYypa

* YCKOpeHune 1 BoCnpomnm3BoanMoCTb NpoLeccoB

* CHM)XeHMe nopora Bxona A9 HOBbIX Y4aCTHUKOB
NPOeKTa

« CHW)XeHue 3aTpaT Ha pa3paboTKy, pa3BepThbIBAHNE U
noanepXKy

* DKOHOMUSA BpPpEMEHN
* [MOBTOPHOE UCMOJIb30BaHNE NHXXEHEPHbIX PeLleHUN
 EanHbIN Habop NoaxonoB N MUHCTPYMEHTOB



Pa3Hble MoTPebHOCTM

* bonblmne koMnaHnn paspabaTbiBalOT CBOO UHDPACTPYKTYPY

* ManeHbKuMe cTapatoTCsa NCMOJIb30BaTb FOTOBYIO MHPPACTPYKTYPY

Infrastructure
investment
required

[ Highly specialized ]
infra

[ Generalized infra ]

[ Noinfra needed ]

, Production
Onesimple Multiple Serving millions scale
ML app common apps requests/hr

Chip Huyen CS 329



https://docs.google.com/presentation/d/1b-NLyZW2M8D7r_SXLlpLWnosgryMp7luXcn4d9KAn9M/edit#slide=id.p

Y0OBEeHb XpaHeHWd

 [pe XxpaHATCA OaHHble, eCJZIn X MHOIr o
- HDD / SSD

« S3/GS/ Yandex Object Storage etc
 BigQuery

* Snowflake / RedShift

 CpaBHWUTENIbHO OelweBoe MecCcTo, 4OPOron
Tpaduk/obpaboTKa



YDOBEHb BblYUCAEHUW

« CPU/GPU Baremetal servers

 vCPU / vGPU Virtual Servers

 App Runner / Cloud Run / Serverless Containers

« AWS Lambda / Cloud Functions / Yandex Cloud Functions
 k8s


https://en.wikipedia.org/wiki/Bare-metal_server
https://www.datacenters.com/news/what-is-a-vcpu-and-how-do-you-calculate-vcpu-to-cpu
https://habr.com/ru/company/cloud4y/blog/460627/
https://aws.amazon.com/ru/apprunner/
https://cloud.google.com/run
https://cloud.yandex.ru/docs/serverless-containers/
https://aws.amazon.com/lambda/
https://cloud.google.com/functions
https://cloud.yandex.ru/docs/functions/

Bl anenlg Hoelliscene

e TaKTOBAd 4YacToTa

* ApXUTEeKTypa

* KoJsin4yecTBO a4ep
 Hyper Threading -

« Pa3mep kKewa L1 L2 L3

STORAGE

I[mage source
https://www.techspot.com/article/2066-cpu-11-12-I13-cache/


https://en.wikipedia.org/wiki/Hyper-threading
https://www.techspot.com/article/2066-cpu-l1-l2-l3-cache/

€1 o olgieolline

87

GenuineIntel

6

79

Intel(R) Xeon(R) CPU E5-2696 v4 @ 2.20GHz

1

0xbooOA40

2134.134

56320 KB

1

44

28

22

121

121

yes

yes

20

yes

fpu vme de pse tsc msr pae mce cx8 apic sep mtrr pge mca cmov pat pse36 clflush dts acp
r ds_cpl vmx smx est tm2 ssse3 sdbg fma cx16 xtpr pdcm pcid dca ssed4_1 ssed4 2 x2apic movbe popcnt tsc_dead
vpid ept_ad fsgsbase tsc_adjust bmil hle avx2 smep bmi2 erms invpcid rtm cgm rdt_a rdseed adx smap intel
vmx flags : vimi preemption_timer posted intr invvpid ept x only ept ad ept 1gb flexpriority apicw
bugs : cpu_meltdown spectre_vl spectre_v2Z spec_store_bypass 11tf mds swapgs taa itlb_multihit
bogomips : 4401.63
clflush size : 64
cache_alignment : 64
address sizes B
power management:

46 bits physical, 48 bits virtual




root@bora:~# lscpu | grep -i numa

https://ru.wikipedia.org/wiki/Non-Uniform_Memory Access IEEE = 2

node® CPU(s): [ e - T
https://www.baeldung.com/linux/numa-test-support nodel CPU(s): 22-43,66-B7



https://ru.wikipedia.org/wiki/Non-Uniform_Memory_Access
https://www.baeldung.com/linux/numa-test-support

BblYCNeHNS: MaMaTb

Registers
~1 KB (~100 b/core) 3 ns
- 256 KB (64 KB/core) 1.1ns
% 1 MB {256KB:‘coreV 2T otha Y,s ns o
= wn
I 8 MV L3Cache Y-B ns L
128 IVIB/ L4 Cache Y2.4 ns
32GB / $5-10/GB Main Memory Yz.g i
~200 (?/— 1TE 506768 Solid State (flash) Drive \1 ms
2-5 $50T8  Disk Drive ~3m
v 1

https://cs61.seas.harvard.edu/site/2018/Storage?2/


https://cs61.seas.harvard.edu/site/2018/Storage2/

[ laMaTh

- RAM
- Pa3mep OOCTYynHOM NamMAaTun
- [ponyckHasa cnocobHOCTb
- GPU RAM

- XpaHuUT Moaenb n 6atyn
- MoO>XXHO «0b6beaAnHATb» NaMATb HeCcKobkKnx GPU
- MepneHHbI obMeH ¢ ocHoBHOW RAM

 GPU yacTo npocTanBaeT n3-3a MenJjieHHOW 3arpy3Ku
OaHHbIX



CKOPOCTb OOMEeHa C NaMATbIO

Memory Bandwidth

From the previous section, we have seen that Tensor Cores are very fast. So fast, in fact, that
they are idle most of the time as they are waiting for memory to arrive from global memory. For
example, during BERT Large training, which uses huge matrices — the larger., the better for
Tensor Cores —we have a Tensor Core TFLOPS utilization of about 30%, meaning that /0% of

the time, Tensor Cores are idle.

This means that when comparing two GPUs with Tensor Cores, one of the single best

indicators for each GPU’s performance is their memory bandwidth. For example, The A100
GPU has 1,555 GB/s memory bandwidth vs the 200 GB/s of the V100. As such, a basic
estimate of speedup of an A100vs V100 is 1555/900 = 1.73x.

https://timdettmers.com/2020/09/07/which-gpu-for-deep-learning/


https://timdettmers.com/2020/09/07/which-gpu-for-deep-learning/

CBOW cepBepa nam obnaka

 CepBep B CBOEN CTOMNKe Ha CBOen Tepputopumn 1X
* ApeHO0BaHHbLIN B CTOMKE B AaTaueHTpe 3X
* ApeHpaoBaHHbIN B 06nake 15x

 Obnlaka — o4eHb O0poro

« CBou cepBepa 06bI4HO CUJIbHO HEAOIPY>XKEHbI

 CepBepa Hano nokynaTtb 3apaHee (npeagsunaoeHne 90 LVL)

* ManeHbkue opraHmsaumm MmoryTt paboTaTb, apeHays cepBepa
« CTapTanaM u cpeaHero pa3Mepa 6usHecy ynobHee obnaka

* Bbonbline opraHn3aunm YaCcTUYHO MUTrPUPYIOT N3 0b1akoB



3aTpaThl Ha 001aKa

Estimated Annualized Committed Cloud Spend as % of Cost of Revenue

Q Palantir 5= slack ¥ snowflake ¥3 pataDoe S asana

hE’.cps_://?_16§.com/202 1/05/27/cost-of-cloud-paradox-market-cap-cloud-lifecycle-scale-growth-repatriation-o
ptimization


https://a16z.com/2021/05/27/cost-of-cloud-paradox-market-cap-cloud-lifecycle-scale-growth-repatriation-optimization/
https://a16z.com/2021/05/27/cost-of-cloud-paradox-market-cap-cloud-lifecycle-scale-growth-repatriation-optimization/

SallVeK 3a a4

* 3anyck no pacnuncaHuto (cron)
— He OTCJ1eXXBaeT B3anMOCBA3N 3a4aC4
* MnaHnposwmk (SLURM)
- 3anycKaeT 3a4ayu, ynpasasgeT o4epensamMmm 3anad
* OpkecTpaTop (K8s)
- YnpaBsigeT pecypcaMn U KOOpANHUPYET BbIMOJIHEHNE

Pa3sgeneHune yc/ioBHO,
MNAaHUPOBLUUKN YMEIOT B OpKecTpauuio,
OpKeCTpaTopbl YMEIT B NJlaHNPOBaHME N pacnncaHmne



Workflow management

e 2Tan pacyeTta — task
 [pad nocnepoBaTenbHOro BbiNo/HeHUNA 3aaa4y — DAG
« OAaHoO BbINONIHEHME Trpada — Flow

* Flow 3anyckaeTcs BpYy4HYI0, MO pacnmcaHuio
NNn No BHelwwHeMy cobbITUO («CeHcopy»)

 Mpumepsbl — Airflow, Prefect, Dagster


https://airflow.apache.org/
https://www.prefect.io/
https://dagster.io/

AlLow

from datetime import datetime

from airflow import DAG
from airflow.decorators import task
from airflow.operators.bash import BashOperator

# A DAG represents a workflow, a collection of tasks
with DAG(dag_id="demo", start_date=datetime(2022, 1, 1), schedule="8 8 * * *") ag dag:

# Tasks are represented as operators
hello = BashOperator(task_id="hello", bash_command="echo hello")

Btask()
def airflow():
print("airflow")

# Set dependencies between tasks
hello == airflow()

https://airflow.apache.org/docs/apache-airflow/stable/index.html


https://airflow.apache.org/docs/apache-airflow/stable/index.html
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Prefect.io

import httpx

from datetime import timedelta

from prefect import flow, task, get_run_logger
from prefect.tasks 1import task_input_hash

@task(cache_key_fn=task_input_hash,
cache_expiration=timedelta(hours=1),
)
def get_url(url: str, params: dict = None):
response = httpx.get(url, params=params)
response.raise_for_status()
return response.json()

https://docs.prefect.io/latest/tutorial/tasks/


https://docs.prefect.io/latest/tutorial/tasks/
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G ster

from dagster import asset
from pandas import DataFrame, read html, get dummies
from sklearn.linear _model import LinearRegression as Regression

@asset

def country stats() -> DataFrame:
df = read html("https://tinyurl.com/mry64ebh")[0]
df.columns = ["country", "continent", "pop change"]
df["pop_change”] = df["pop_change”].str.rstrip("%").astype("float")
return df

@asset

def change model({country stats: DataFrame) -> Regression:
data = country_stats.dropna(subset=["pop_change"])
dummies = get dummies(datal["continent"]])
return Regression{).fit(dummies, datal"pop_change"])

@asset

def continent stats{country stats: DataFrame, change model: Regression) -> DataFrame:
result = country stats.groupby("continent").sum(]}
result["pop_change factor"] = change_model.coef_
return result
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Runs 0:00 C

Allruns | Queued (0) | Inprogress (0) = Failed = Scheduled Y Filter

Run ID Created date Target Launched by Status Duration
d72dc19e  Sep 15, 2:36 PM % adhoc_request_job [2 (@) adhoc_request_sensor @ Success 7.795s TR

View all tags (2)

elbfaa57  Sep 15, 1:10 PM =] _map, / _stats ® Manually launched ® Success @ 0:00:24

Viewrun | v

f4dc5863  Sep 15, 1:09 PM [ adhoc_request ® Manually launched ® Success @ 0:00:14

View all tags (1)

Viewrun | v

057fde6c  Sep 15, 1:04 PM & trips_by_week ® Manually launched @ success @ 4.549s
) Backfill: azgkmiey I partition: 2023-02-12

Viewrun | v

elb48elb  Sep 15, 1:04 PM [ trips_by_week ® Manually launched @ Success @ 0:00:10
4 Backfill: azgkmiey  lID partition: 2023-03-12

Viewrun | v

8dbcaabd  Sep 15, 1:04 PM i trips_by_week ® Manually launched ® Success © 8.801s Viewrun | v

4 Backfill: azgkmiey IID partition: 2023-01-22

ala31d70  Sep 15, 1:04 PM [ trips_by_week ® Manually launched ® Success @ 8.848s
4 Backfill: azgkmiey I partition: 2023-01-15

Viewrun | v

f85degbd  Sep 15, 1:04 PM i trips_by_week ® Manually launched ® Success @ 8.102s
4 Backfill: azgkmiey  Ilb partition: 2023-01-01

Viewrun | v

7e4277cd  Sep 15,1:04 PM i trips_by_week ® Manually launched ® Success @ 5.938s
£ Backfill: azgkmiey Il partition: 2023-03-19

View run | v

3dasag6e  Sep15,1:04 PM i trips_by_week ® Manually launched @ success @ 4.638s
) Backfill: azgkmiey 1D partition: 2023-03-05

View run | v

11ccef79  Sep15,1:03 PM [ trips_by_week ® Manually launched ® Success @ 4.129s
£ Backfill: azgkmiey Il partition: 2023-01-08

Viewrun | v

"1 1324469c  Sep15,1:03 PM & taxi_trips._file, taxi_trips ® Manually launched ® success © 0:00:46 Viewrun | v

4 Backfill: azgkmiey IID partition: 2023-02-01
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« Kno4vyeBble KOMMNOHEHThI:

- Pa3BepTbiBaHKMe

- XpaHunauwe Mmoaenewn

- MOHUTOPUHT

- OTchexmnBaHne 3KCNepuMeHTOoB
- MeTpukn n gawbopabl

- Feature Store
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https://www.tecton.ai/blog/what-is-a-feature-store/


https://www.tecton.ai/blog/what-is-a-feature-store/

Feast
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= Online Features
I @ FEAST > for realtime
Stream model inference
Sources e N
Kafka, Kinesis o — ) Store Serve —
\_ JF ]
e N
@ ] Offline Features
Register L»  for model training
Batch / batch scoring
Sources s .
Snowflake,

BigQuery, Redshift,
S3, GCS, Parquet

https://docs.feast.dev/


https://docs.feast.dev/

Amazon SageMaker
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Streaming data sources —

E.g. Amazon Kinesis - Real time feature lookup
Data Streams O for inference Inference
A SaqeMak Offline feature lookup
mazon >ageMaker for training
a Feature Store Feature catalog
|:| ] Search and reuse
|:| ML features Serve

O

Batch data sources ..
E.g. Amazon S3, Training
Amazon Redshift

l

https://aws.amazon.com/sagemaker/feature-store/


https://aws.amazon.com/sagemaker/feature-store/

/I elle feature stores

« Hopsworks
 Google

« Databricks
 Featureform
e Tecton

e Continual

https://www.featurestore.org/


https://docs.hopsworks.ai/
https://cloud.google.com/vertex-ai/docs/featurestore
https://docs.databricks.com/machine-learning/feature-store/index.html
https://docs.featureform.com/
https://docs.tecton.ai/
https://docs.continual.ai/
https://www.featurestore.org/

X000l Fealtlige Stole

Autopilot: Automated backfilling &
alerts, feature selection

Convenience: Easy and/or quick to
use, intuitive APIs, interactivity

Integrity: Minimize train-serve skew,
point-in-time correct data, monitering

~

Serving: Availability in preduction at
high throughput & low latency

Access: Access to feature information
& data, transparency, lineage

https://eugeneyan.com/writing/feature-stores/


https://eugeneyan.com/writing/feature-stores/

gr Lo i g Aecess

YMeHbllaeMm aybnmpoBaHune
Ob6neryaem NOoBTOPHOE UCMNOJIb30OBaHME
Ob6neryaem coBMeCTHOE MUCMOJIb30BaHME

XpaHunuwe, BUTPUHA OaHHbIX:

- WHTepdenc mexny DS n DL
- PeecTp OOCTYNHbIX OaHHbIX
- [lpocnexmneaemMoCTb OAaHHbIX



Fo: Pasllata [ S@tVINg

BbiCOKas MponyckHasa cnocobHOCTb

Hunskasa 3agep>xKa

NHTerpaumns ¢ xpaHUanwamm OaHHbIX

TpaHchopMaLuKns aHHbIX Ha NeTy

https://eugeneyan.com/writing/feature-stores/


https://eugeneyan.com/writing/feature-stores/

FS: CorjlacoBaHHOCTL / Integrity

* MMHUMM3NPOBATL pPa3HULY Mexay obydyeHnem u
NH(EepeHCoM

e KOHCUCTEHTHOCTb NPU3HAKOB
* [lyTewecTBuda BO BpeMeHN
* KOHTpPOJIb Ka4yecTBa AaHHbIX



FS: YnobcTteo / Convenlence

* YnobHoe API

 WHTerpaumnsa c NCNosab3yeMbIMU MHCTPYMEHTaMN
* NHTepaKTUBHbLIM OOCTYM «MOrAs4eTb B AAaHHbIE»
« CamoobcnyxunsaHue

* Manble HaknaaHble 3aTpaThl



FS: ABTOMaTum3auunga / Autopllot

 [lepe3annBaTb OaHHbIE

* [lepecynTbiBaTb MPU3HAKW

« ABTOLETEeKLUMA aHOMa N B AaHHbIX
 ABTONOABOp peneBaHTHbLIX MPU3HAKOB
e MOHUTOPUHI KayecTBa AaHHbIX
 AHa/M3 NCNOJIb30BaHUA NPU3HAKOB

* Bcsakoe ynobHoe



ObcnyXMBaHME 3aMpoCcoB

* YHMBepcCaJsJibHble (popMaThbl, HanpuMep onnx
« CxaTume / onTuMmsaumnga moaeneun

« Benocunmnenbl Ha FastApi

e Triton Inference Server

* TorchServe

« RayServe

* Serverless



DOCS ~ NEWS ABOUT COMMUNITY ~ GITHUB

;ﬂ; Deploy Model

Inference

Deploy your ONNX model using runtimes designed to accelerate inferencing.

BITMAIN cadence CEVA =i oroq

e
shabana HAILDO () mace nviDIA ©penVIN®
v P S Qualcomm Rackchip
i
skymizer SYnorsys: Tencent teradata. £ Tensil
T TensorFlow Sstvm TwinCAT 3 W vespa &) Windows

https://onnx.ai/


https://onnx.ai/

B0l e He Tasiiel

% W ;.

* FastAPI

PyTorch
Worker(s)

User

— RabbitMQ T

https://www.auroria.io/running-pytorch-models-for-inference-using-fastapi-rabbitmqg-redis-docker/


https://www.auroria.io/running-pytorch-models-for-inference-using-fastapi-rabbitmq-redis-docker/

NVIDIA Triton Inference Server

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.

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.

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

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

TorchServe

Large Model Inference on Torchserve with PiPPy

Frontend
.M i 3 <Per Worker>
Registration Sie%
t <specifies GPUs>
regues <CUDA_VISIBLE_DEVICES>
Spawn Multi Processes
< torchrun --nproc_per_node CUDA_VISIBLE_DEVICES>
_______ | L __
v v T 1
Rank0 Handler::initialize Rank1 Handler::initialize RankN Handler::initialize
PiPPy:: initialize PiPPy:: initialize PiPPy:: initialize
pipe_driver:: pipe_driver:: pipe_driver::
load_model_shard1 load_model_shardN

I
|
[
|
|
| oad_model_shard0
I
|
|
[
|

<pipe_driver:: handles data movement and microbatching through ranks>

https://pytorch.org/serve/large_model_inference.html


https://pytorch.org/serve/large_model_inference.html

Ray senve

=5

Pythonic API

Configure your model serving
declaratively in pure Python, without
needing YAML or JSON configs.

Framework-agnostic

Use a single tool to serve all types of
models — from PyTorch and Tensorflow
to scikit-Learn models — and business

logic.

Low latency, high throughput

Horizontally scale across hundreds of
processes or machines, while keeping the

overhead in single-digit milliseconds.

FastAPI Integration

Scale an existing FastAPI server easily or
define an HTTP interface for your model
using its simple, elegant AP

https://docs.ray.io/en/latest/serve/index.html
https://www.anyscale.com/blog/serving-pytorch-models-with-fastapi-and-ray-serve

Multi-model composition

Easily compose multiple models, mix
model serving with business logic, and
independently scale components, without

complex microservices.

Native GPU support

Using GPUs is as simple as adding one
line of Python code. Maximize hardware
utilization by sharing CPUs or GPUs
between different models.


https://www.anyscale.com/blog/serving-pytorch-models-with-fastapi-and-ray-serve
https://docs.ray.io/en/latest/serve/index.html
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https://github.com/jacopotagliabue/you-dont-need-a-bigger-boat



https://github.com/jacopotagliabue/you-dont-need-a-bigger-boat

oo nenEiEEl= Mat oo |

* Introduction to streaming for data scientists
« How We Scaled Bert To Serve 1+ Billion Daily Requests on CPUs
 You Do Not Need a Bigger Boat


https://huyenchip.com//2022/08/03/stream-processing-for-data-scientists.html
https://medium.com/@quocnle/how-we-scaled-bert-to-serve-1-billion-daily-requests-on-cpus-d99be090db26
https://arxiv.org/abs/2107.07346
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