[13aH CUCTEM
MaLLUMHHOIO 0by4YeHnd

14. ML HpaCTPYKTYypa M
nnaTtgopmbl




oo« SallATEl MooeKio:

 PacnucaHue o06baBuM oTaesiIbHO (BO3MOXXHO, ABa OHA)

« 20 MMUHYT Ha NPOEKT.
- 10 MMHYT pacckas
- 10 MMHYT BONPOCHI
* bannbl, Makcumym 40
- npoekT paboTaeT 20
- WHTEepeCcHbIn pacckas 10
- KpyTad npe3eHTauuns ¢ 4ONOJIHUTEsNIbHBIMU MaTepuasnamm no teme 10

« [lpe3eHTauuto NpmUcnaTb B AeHb NOKa3a YyTb 3apaHee
« Monpobyem opraHn3oBaTb TPAHCASALMUIO N 3aMNCb



H4TO OONIXKHO DObIThb B MPEe3eHTalnmn

* [y6bnnyHaa ccbiika Ha paboTalowmm NpoekT

- KoMaHOa npoekTa

 YTO0 CcTpOounnu

* CueHapunm Ncnosib30BaHUS

* [lpennono>xeHus, Ha KOTopble oNUpasancCb Npu an3anHe CUCTEMBI

* Model Card (npumepbl B 13- nekyumn)

- Wcnonb3oBaHHbIe OaHHbIE
- ObopynoBaHmne n nporpammHoe obecnevyeHne
- CaMoe BaXKHoe 0 BHYTPEHHOCTAX CUCTEMBbI

C Kaknmm r|p06neMaM|/| CTOJNIKHYJINCb N KaK X peLllaJin



L= [Qoce

14 ML uHdpacTpykTypa u nnatdopmMmsl — Bbl HaxoauTechb 34eCb
15MHTerpauns ML-cuctem B BusHec-npouecchl



ML MH@PaCTpYyKTypa M NAaTOOPMb

NHppacTpykTypa:
KOMIMJ1IeKC B3aNMOCBA3aHHbIX 00CYy>XUBaOLLNX

CTPYKTYpP
NN o0bEeKTOB, COCTAaBNAKLWNX N obecnevymBaoLWnX

OCHOBY (PYHKLIMOHNPOBAHNA CUCTEMBI

ML nHdpacTpyKTypa: Habop obecneymBatoMx CUCTEM
N MHCTPYMEHTOB AJ19 NOALOEXKN XXUZHEHHOIO LINKA
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

vooee b UG FEH s

 [De xpaHATCA OaHHbIe

- 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


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

- GenuineIntel
- b
S
- Intel(R) Xeon(R) CPU E5-2670 © @ 2.60GHz
-6
- Bx61d
- 2600.143
- 20480 KB

1
- 16
i
- 8
- 47
: 47

: yes

- yes
13
- yes
fpu vme de pse tsc msr pae mce cx8 apic sep mtrr pge mca cmov pat pse36 clflush dts acpi mmx fxsr sse sse? ss ht tm pbe s
yscall nx pdpelgb rdtscp Im constant_tsc arch_perfmon pebs bts rep_good nopl xtopology nonstop tsc cpuid aperfmperf pni pclmulgdq dtes64 mo
nitor ds_cpl vmx smx est tm2 ssse3 cx16 xtpr pdcm pcid dca ssed 1 ssed 2 x2apic popcnt tsc_deadline timer aes xsave avx lahf_1m epb pti ssb
d ibrs ibpb stlbp tpr_shadow vnmi flexpriority ept vpid xsaveopt dtherm ida arat pln pts flush 11d
cpu_meltdown spectre vl spectre v2 spec_store bypass 11tf
- 5202 .85
- 64
- 64
address sizes - 46 bits physical, 48 bits virtual
power management:




Hanpumep: MongoDB TpebyeT AVX

x86_64

MongoDB requires the following minimum x86_64 microarchitectures: [3]

« Forlntel x86_64, MongoDB requires one of:
o a Sandy Bridge or later Core processor, or
o a Tiger Lake or later Celeron or Pentium processor.
* For AMD x86_64, MongoDB requires:
o a Bulldozer or later processor.
Starting in MongoDB 5.0, mongod, mongos, and the legacy mongo shell no longer support x86_64

platforms which do not meet this minimum microarchitecture requirement.

« MongoDB only supports Oracle Linux running the Red Hat Compatible Kernel (RHCK). MongoDB
does not support the Unbreakable Enterprise Kernel (UEK).

* MongoDB 5.0 requires use of the _ available on

select Intel and AMD processors.®

ARMé64

MongoDB on armé4 requires the ARMvE.2-A or later microarchitecture.

Starting in MongoDB 5.0, mongod, mongos, and the legacy mongo shell no longer support armé4

platforms which do not meet this minimum microarchitecture requirement.

https://www.mongodb.com/docs/manual/administration/production-notes/


https://www.mongodb.com/docs/manual/administration/production-notes/

KoMMyHHKaUMOHHaA ceTb

Nepiich epna

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

https://www.mongodb.com/docs/manual/administration/production-notes/#mongodb-and-numa-hardware


https://ru.wikipedia.org/wiki/Non-Uniform_Memory_Access
https://www.mongodb.com/docs/manual/administration/production-notes/#mongodb-and-numa-hardware

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 CTOVKe Ha cBoen Tepputopum 1X
 ApeHAoBaHHbIN B CTONKE B AaTaueHTpe 3X
 ApeHpaoBaHHbIN B 0bs1ake 15x

« Obnaka — o4eHb OOPOro

* Ho cBou cepBepa 06bIYHO CUJILHO HEOOrPY>KEHHbI

* Y MasleHbKNX OopraHmsauninm Het Bblbopa, ToNbKO obaka.

* Y BbbICTpOpACTYyLMX CTapTanoB HeT Bbibopa — ToJIbKO 0b61aKa
* bonbwwme opraHmsaunm YacTU4YHO MUTPUPYIOT N3 06s1aKoB



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/

Sall/oK 3a g

* 3anyck no pacnuncaHuto (cron)

— He OTCJ1eXXBaeT B3anMOCBA3N 3a4aC4
* [naHupoBwuK (SLURM)

- PewaeT, KOorga 3anyckaTb 3agavy
* OpkecTpaTtop (Kubernetes)

- PewaeT, rge 3anyckaTb 3agady

Pa3pesieHne ycaoBHO, MJaHUPOBLLUKA YMEOT B
opKecTpauuto,
a OpKecTpaTopbl YMEIOT B MJIAHMPOBAHME N pacnucaHumne



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»)

 lMpumepsbl — 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

Aoy L

~Airﬁow DAGs Security

DAGs

Browse
All @ Active m Paused o
DAG
0 example_bash_operator
example  example2
O example_branch_dop_operator_v3
example
example_branch_operator
example  example2
0 example_complex
example  example2  example3
D example_external_task_marker_child
O example_external_task_marker_parent
D _kubernetes_t il
example  example2
O example_kubernetes_executor_config
exampled
0 example_nested_branch_dag
example
_p _via_test_ d

example

Admin

Owner

airflow

airflow

airflow

airflow

airflow

airflow

airflow

airflow

airflow

airflow

Docs

Filter DAGs by tag

Runs

©

0]
00,

ONO)

Schedule

00

g raen

@daily

None

@daily

e

Last Run

2020-10-26, 21:08:11

2020-10-23, 14:09:17

2020-10-28, 21:08:04

2020-10-26, 21:07:33

2020-10-26, 21:08:34

2020-10-26, 21:07:40

2020-10-286, 21:07:37

Search DAGs

Recent Tasks

©

21:11UTC
Actions
» C|O
» C|O
»|C|O
» C 0
> C|O
» C| O
» C|O
» C| O
» C|O
» C| O

Links



Prefect.io

from prefect import flow, task
from prefect.task_runners import SequentialTaskRunner

@task
def first task(num):
return num + num

@task
def second task(num):
return num * num

@flow(name="My Example Flow",
task_runner=SequentialTaskRunner (),
)
def my_flow(num):
plusnum = first_task.submit(num)
sgnum = second_task.submit(plusnum)
print(f"add: {plusnum.result()}, square: {sgnum.result()}")

my_flow(5)

https://docs.prefect.io/tutorials/flow-task-config/


https://docs.prefect.io/tutorials/flow-task-config/

Prefect Ul

Flow Runs
5m
o
4m . .
® ©
3m ® ® ETL / topaz-adder
o ) Running
® ® °
2m
(5] 2022/08/17 07:04:43 PM
m @ o () Y )
Fri 10 Sat 11 Sun 12 Mon 13 Tue 14 Wed 15 Thu 16 Fri17 sat18

ETL / drowsy-nightingale db  production  etl
£ scheduled (O 0s [ Scheduled for 2022/08/18 11:00:00 AM

MLOps-model / friendly-marten db  production  etl
[ Scheduled (9 0s [=] Scheduled for 2022/08/18 10:00:00 AM

ETL / topaz-adder db  production etl
) Running (O 2m 9s [%) 2022/08/17 07:04:43 PM O 2 task runs

ETL / rustling-raccoon db  production  etl
Completed (O 3m 24s [<) 2022/08/16 03:04:09 PM ) 2 task runs

MLOps-model / loyal-platypus db  production etl
[®) Failed (D 2m [%) Scheduled for 2022/08/15 07:04:43 PM




e

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"]1)

@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



Dagir U

Runs A

*8 Jobs and pipelines Runs
dbt_metrics v
S e . Allruns  Queued o  Inprogress & Done Scheduled e
story_recommender “
Actions
Status RuniD Jok apshot ID Timing
Success 2949433b  story_recommender [ 76€07103 Oct 18, 7:48 AM -
image: gerio/elementl-prod/hacker-news:4365728e-11083d1c  sensor_name: story._recommender_on_hn_tables_updated 0:01:22
Success  2ec099d3  hacker_news_api_download (3 74735439 Oct 18, 7:46 AM =
dagster-k8s/config: {"container_config": {“tesources"; {"requests”; {..  image: gor P e 9018
partition: 2021-10-18-12:00 _ partition_set: hacker_news_api_download_partition_set  solid_selection: *
Success  43baB8d8  story_recommender B 7607103 Oct 18, 7:13 AM .
image: gro/elementl-prod/hacker-news:4365728e-11683d1c  sensor_name: story_recommender_on_h_tables_updated :01:23
Failure €80d84b4  hacker_news_api_download (2 7d735d39 Oct 18, 7:11 AM &
dagster-kgs/config: {container_config"; {"resources": {fequests"; (.  image: gcr.io/elementi-prod/hacker-news:4365728-11b83d1c §101705
partition: 2021-10-15-23:00  partition_set: hacker_news_api_downioad_partition_sat  solid_selection: *
Success  b5789e91  hacker_news_api_download (3 7735439 oct 18, 7:10 AM =
dagster-k8s/config: {"container_config": {"resources": {"requests” {..  image: gcr.iofelementl-prod/hacker-news:4365728e-11b83d1c 0:01:33
partition: 2021-10-15-23:00 _ partition_set: hacker..news..apldownload_partition_set  solid_selection: *
Falure  427c7deb  hacker_news_api_download 7735439 oct 18, 7:00 AM .
dagster-k8s/config: {"container_config®: {rasources": {'fequests™ (.. Image: ger.o/elementl-proc/hacker-naws:4365728e-11b83d1c 0:00:12
partition: 2021-10-18+13:00 _ partiion_set: hacker_news_api_dawnload_parttion_set run_key: 2021-10-18-13:00
schedule_name: hacker_news_api_download_schedule
Success  e1fe0914  story_recommender 7607103 Oct 18, 6:03 AM .
image: gcrio/elementl-prod/hacker-news:43657286-11b83d1c  sensor_name: story. fecommander_on_hn_tables_updated 0:91:58
Success 386d85bd  hacker_news_api_download (3 7d735d39 Oct 18, 6:00 AM &
dagster-ksiconfig: {"container_config": {esources": {'fequests™ (.  image: gcr. 3d1c 0:02:47
partition: 2021-10-18-12:00 _ partition_set: hacker_news_api_download_partition_set  run_key: 2021-10-18-12:00
schedule_name: hacker_news._apl_download_schedule
Success  cOe3abed  story_recommender (2 76607103 Oct 18, 5:02 AM .
image: gerlo/elementl-prod/hacker-news:4365728e-11683d1c  sensor_name: story_recommender_on_hn_tables_updated 0:01:27
Success  eeff75dd  hacker_news_api_download 74735438 oct 18, 5:00 AM -
0:01:57

O hacker_news_prod G Filter dagster-k8sjconfig: {"container_config": {"rescurces": {"fequests” (. image: p

partition; 2021-10-18-11:00__partition_set: hacker_news._api_downioad, partition_set __run_key: 2021-10-18-11:00




ML nnaTtmopMbl

« Kno4vyeBble KOMMNOHEHThI:

- Pa3BepTbiBaHKMe

- XpaHunauwe Mmoaenewn

- MOHUTOPUHT

- OTchexmnBaHne 3KCNepuMeHTOoB
- MeTpukn n gawbopabl

- Feature Store



[Tpob1emMbl C MPU3HaKaMy

* Pa3Hble MOo4esin UCMNONIb3YIOT OOHU N Te XKe MPU3HaKN
 [loc4nTaTb OOWNH pPa3 N UCMONL30BaTb Be3ae

* CHabauTb OaHHble NOKYMEHTaunen

 [laTb pa3paboTynkamMm CNMCOK OOCTYMHbIX MPU3HAKOB
* Y106bI MPU3HAKN Yy BCEX CHUTANINCb OANHAKOBO

* YT106bI NPU3HAKN OONHAKOBO CHUTAJINCb Ha TPENHE U
Ha npojae



Feature Store
RN

Feature Ll
Enaineerin Training & » Prediction » Monitoring
9 9 Evaluation
Data Engineer | Data Scientist / ML Engineer Prediction Service (Production) DE / DS/ MLE
' A A A A | | A
(| I I I I I I
: : : : ! : Track feature stats :
| Compute feature ! to identify issues
Define and terate ,  Load feature data values for inference ! ! :
on new features ! for testing : : | !
o : Log served features, : de? gtor f?r
Load feature data prediction, outcomes | . issﬂg: 1y
1
1
1

]

I

I

I

for training :
i I

I

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


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

Feast

\/\
% -
= 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

% i ~
0o -
(| —

D @\.

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/

1ol Don t Needgie Blgder Boogt

Exp. Tracking

Weights & Biases

§* PREFECT

Materialized
Table 1

SR e Append only Materialized Data Validation
table
>h% snowflake

AN g great_expectations

e e s e e i

PR —— IS —————

T
D
N
o
=

™~

%

RISy RSy S SR RS S D R

F.ﬁ - D -
/2 preset PACATIN > i
https://github.com/jacopotagliabue/you-dont-need-a-bigger-boat



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

ool HUTe libHBIE MaTte Lo llb|

* You Do Not Need a Bigger Boat —»

« The ML Test Score: A Rubric for ML Production Readiness
and Technical Debt Reduction —

* Operationalizing Machine Learning Models:
A Systematic Literature Review —

« Serverless on Machine Learning: A Systematic Mapping Study
ﬁ

 DAG Card is the new Model Card —»
Bce byneT B Tenerpam-kaHane


https://arxiv.org/abs/2107.07346
https://research.google/pubs/pub46555/
https://ntnuopen.ntnu.no/ntnu-xmlui/bitstream/handle/11250/3033019/Pre_print_Operationalizing_Machine_Learning_Models___conference_submission.pdf?sequence=1
https://ieeexplore.ieee.org/document/9888122
https://arxiv.org/abs/2110.13601
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