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By ensuring consistently high-quality data through all

stages of a project, MLOps can make deployment and

development of ML systems more systemic and reliable.

Al 4CHE 2
Andrew Ng HIAZ{Q! Glo|E] B2|= 2IsH MLOps 7 Q3.

We estimate that as much as 90 percent of the failures in ML development

come not from developing poor models but from poor productization practices

EE0|E HEL|A M|z HIEHCS|
MLOpsE 20214 7|&2 MM

JLEL, 20254 MLOps®| 7HA| Bt 402{E2] 7}7f0] o4t and the challenges of integrating_the model with production data and business

applications, which keep the model from scaling and performing as intended...

20213 ZHAX| MHE Al ERC

OO 2t HMAM O 2 MLOps=
Al 7HEH|A 2 20|17} =) T U E! Lamarre, E., Smaje, K., & Zemmel, R. (2024). MLOps so Al can scale. McKinsey & Company.
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What is MLOps?
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What is MLOps?

MLOps = Machine Learning + DevOps
Heled RS JHE S B E, 2Fot= gdel 1y

= L—

Automated, Reproducible, Testable, Evolvable ¢t ML WorkflowE St=E= Zi0| 28

docker

kubernetes

SELDOWN _ -
AN a

MLOps 7424 A7H 3! YA VESSL

SHH[EJA 7|8 MLOPps Pipeline 7%



# Train function (with vessl logging)
from torch.autograd import Variable

def train(model, device, train loader, optimize
model.train()
loss = 0

for batch idx, (data, label) in enumerate(t
data, label = data.to(device), label.to
optimizer.zero grad()
output = model (data)
loss = F.nll loss(output, label)

loss .backward()
optimizer.step()
if batch idx % 128 ==
print('Train Epoch: {} [{}/{} ({:.0
epoch + 1, batch idx * len(data
100. * batch idx / len(train lo:

# Logging loss metrics to Vessl
vessl.log(
step=epoch + start epoch + 1,
payload={'loss': loss.item()}

A VESSL
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ML Code is a Small Part of Whole Process

Testing and Resource

Data collection .
debugging management

Configuration Serving

Model analysis .
Data y infrastructure

verification

Process
management

Automation Feature engineering Monitoring
Metadata management

Sculley, D., Holt, G., Golovin, D., Davydov, E., Phillips, T., Ebner, D., Chaudhary, V., & Young, M. (2015). Hidden Technical Debt in Machine Learning Systems.

In Proceedings of the Neural Information Processing Systems (NeurlPS).

Googled|A 20150 NeurlPSO| 2 E, MLOps E2| A|x7t &= =&
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What is MLOps?

MLOps = DataOps + ModelOps

Data
Sourcing

Data Data
Labeling Versioning

Model Development

Model A

Architecture ~_Model
R Training

N/

Model #
Evaluation

Model
Versioning

Scaling
Hardware

Model

Deployment ~

Model | :
Monitoring | |
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How to Start MLOps?
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MLOps Landscape

End-to-end Machine Learning Operations (MLOps) platforms

Experiment tracking, model metadata storage and management

Dataset labeling and annotation

Data storage and versioning

Data quality monitoring and management
Feature stores

Model hubs

Model quality testing

- Workflow orchestration and pipelining tools

Model deployment and serving
Model observability
Responsible Al

- Compute and infrastructure
« GPU Cloud Servers && Serverless GPUs

- Vector databases and data retrieval

Foundation model training frameworks

A VESSL



Core Features in MLOps

1. DataOps - Dataset Management, Feature Store

C|O|E{E AtESHY| 4| HAESHA 2rd/7t3 /O F=F 5! H7|
2. Experiment Tracking

Hilg{d sta/ae 20t Moot ES SRe = UEE 2
3. Cluster Management & Job Orchestration

24 HA Chal SHAEOM Hil2d A S9f jobs ot #Eled = AEE X|#
4. Model Registry
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5. Model Serving
S O{XI BE0| AH L(inference)2 & 4= AT ZE API/batch job S2| HENZ H{IE
6. ML Workflow Pipeline

°
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Core Features in MLOps

1. DataOps - Dataset Management, Feature Store

CIOIEE ArESH| SA| BESH| er2E/7ts/TN == S M|

ﬂ Experiment Tracking

Hil2ld st/ Z0HE Moot S S/ = UF 2|
3. Cluster Management & Job Orchestration

24 HA Chal SHAEM Hil2d A S2f jobS &t e = UEE X|H
4. Model Registry
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5. Model Serving

=012l REO| K| Y(inference)E & &= U= API/batch job S2| YEH= HHZE

ML Workflow Pipeline
o

= =4 F7|0it, 22 H[0|H/ZE/X[H7} YH[0|E Zufiict HdHE =5 If%a
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- Weights & Biases Tracking Dashboard 0f|A|

e.g) Parameter Configurations, Evaluation
Metrics, Logs, Example Predictions,
Performance Visualizations, ...

- Sgot RES Mo = AEE IEHEE NE

. - 0|=, development iteration, deployment,
MLFlow Tracking Gi|A|

ml % 280 Experiments Models GitHub Docs

automation S 0| &&

Jefault gaudy-swan-8
val_loss

Cr22| ME[ASOIM AE 7S
- VESSL Experiment / Run Tracking
- tensorboard

- Weights & Biases
. MLflow YA VESSL




Experiment Tracking

import wandb
wandb.init(project="mnist-project)

wandb.log({"loss": loss})

wandb G| A|

Tips
LH7t HZ$t ME 01O 2 Model Reproduce?t 7Hs8HX| 2fol
A

DatasetO| £=A| 2 HH = AL, Experiment?} A= O| Dataset MEfE KZESHA| 2 OH reproduced] Amet & JUS

O|=0 2l HotE &= AEE SY=tEl M0 AE2}5H XM
=
o

~
Mg Z=HE MEA|, 0T metricE= ZLIHZZAUX| O|2| Fot, s metricS= loggingot== & EA0|A =t

I

B =
localol|A| AL, localdi|A 21& tensorboard & &Aldt0] X Hst= A HLt, SL3E X EAE 0|85t= A0| ELt



Cluster Management &
Job Orchestration

Mode 1 MNode N I}lAl_lE'ILC—)I )él-éé!% %Eljl ‘?’l-én-_l- %E'léE-IQI' %E-IﬁE-IO'”A-l EO|'7|'I_
‘ ["FI rer \ ‘ Worker | | Worker E ‘ Worker ‘ Worker | | Worker | | Training Job=2 &t2[st1 2F9517| ¢let 7=
vh ¥4 \ Lok 2 3 2.0 5 + Training0| ZIA=|= 2tF (Image), 222, Configuration

I‘ Local Scheduler ) II Local Scheduler

Command S22 BA|HO=E ZHMGH A 22|

| OpenAl, Google, H|0|H S2| HER Al ZZI0f| A= QIoIRAZ 2F
Global Global
Scheduler | Scheduler (ref)

CtEo| MBIASOM A 7S

VESSL Cluster Management
Ray

Kubeflow Job Scheduling
Databricks YA VESSL


https://openai.com/blog/scaling-kubernetes-to-7500-nodes/

KubeFlow TFJob EHA|Q| &

apiVersion: kubeflow.org/vl
kind: TFJob
metadata:
generateName: tfjob
namespace: your—-user—-namespace
spec:
tfReplicaSpecs:
PS:
replicas: 1
restartPolicy: OnFailure
template:
metadata:
annotations:

sidecar.istio.io/inject: "false"

spec:
contalners:
— name: tensorflow

image: gcr.io/your-project/your-image

command:
python
-m
trainer.task

——batch_size=32
——training_steps=1000

Worker:
replicas:

Training Job

- TrainingO| ZIAE[= &tF (Image), 2|22,
Configuration, Command S HA|HCOZ &Y

- Docker 7|89 2tHBS T2 AIE

- O] 7|8IC = Hyperparameter Searchings
Training Y2 scale-out StHL}, XIS2HEl ALE -

CI/CD, testing S0llA Z&

Cte MH|A0M AME Its

- KubeFlow - Pipeline
- MLFlow - Projects

- VESSL - Run / Experiments

A VESSL



Training Job

Tips
Local0l| 2573t 23S Docker Image 2| HEf =2 Shell Script HE{ = T
Data Mount 7t 2R3[7L} ot B2, CI2=EE, 22 Direct Mount & I{EXHAO| 0[50| 2
0|Z ¢l8ll Cloud NFS Storage A2, NAS AEZ|X| = S Qlmat ot MAJ} HRst 4 QI
ASEEE THS0] HI19| TrainingS ¢HHO| THS7LE Xts=tEl 210l &8 7ts
Cluster 0| H2 Xr# S 2L|EZ dljOf SHALE 71E 2S8HQ (

GitHub Action/ Hook 2t H=5t{ CI/CD #1=0| 7}=
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MLFlow Model Registry 2|AE

o0 ") MLflow X +

« = C 0 localhost:5000/#/models B v & % = b '::IE'DIE :

- Model Registry

Registered Models

- Experiment?| 2t2El O|=, 2I=S0{Z

H
[
1uj0
ic]
02
ic]
Ik

Create Model

Mame = atest Version Production Last Modified J_-l-l-gl- gl- 7}-” % %I-é_'l-5|—| X-I IOI-—+—O-I| X-I IOI-

- 0|= ServingO|L|, Mets, Fine-tunings = &&2<

Registryd]| Q= RE2 7|EC=E &

1 AI‘A = e - o c -
MLFlow Model Registry At| LY & - APl g5S Sdll Xts=tzEl Pipeline 79

o0 ) MLflow x 4+
« > O localhost:5000/#/models/LinearRegression B ow & B = & '::-"—'=' i :
ml i Experiments Maodels GitHub  Docs

Registered Models » LinearRegression ~

Created Time: 2021-05-05 16:14:36 Last Modified : 2021-05-05 16:28:17 E|' % 9 | A-I I:I | ﬁ %O‘” A_I Al_ % 7 |_%

» Description[#

None

- MLFlow - Registry
- VESSL - Model Registry

- neptune.ai - Model Registry

A VESSL




Model Registry

miflow.register_model(

"runs:/d16076a3ec534311817565e6527539c0/sklearn-model”,
"sk-learn-random-forest-reg"

MLFlow Of|A|
Tips

Model Registry0ll X&& It =S & Ho|sl{o} &t

= O— [ |

SavedModel It EE OfL|2}, Serving 2 Fine-tuninglf &
Registry0l| &=l DIt Z
O|=0fl A &ot= = U=
1fgeS

Model RegistryOf| I}

7
Serving 22 Fine-tunings XIg 4= Q=X =9l
SASIEl KBL0f| FLESISI ME
XM A2 E 817| 2L Training Job (Experiment) 2F HASH0] AL
XZH=El ModelO| otE 2PH S S| M| ZHE|JI=X] £ A Tracking St7| 28
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BentoML - 1. Save Models

import bentoml

from sklearn import svm
from sklearn import datasets

# Load predefined training set to build an example model
iris = datasets.load_iris()
X, y = iris.data, iris.target

# Model Training
clf = svm.SVC(gamma='scale')
clf.fit(X, y)

# Call to bentoml.<FRAMEWORK>.save (<MODEL_NAME>, model)
# In order to save to BentoML's standard format in a local model store
bentoml.sklearn.save("iris_clf", clf)

# [08:34:16 AM] INFO Successfully saved Model (tag="1iris _clf:svcryrtbxgafweb5",
7 path="/home/user/bentoml/models/iris clf/svcryrtsxgatweb5/")
# Tag(name='iris_clf', version='svcryrtbxgafweb5')

BentoML - 2. Define Services

# service.py

import numpy as np

import bentoml

from bentoml.io import NumpyNdarray

# Load the runner for the latest Scikitlearn model we just saved
iris_clf_runner = bentoml.sklearn.load_runner("iris clf:latest")

# Create the iris classifier service with the Scikitlearn runner

# Multiple runners may be specified if needed in the runners array
# When packaged as a bento, the runners here will included

svc = bentoml.Service("iris_classifier", runners=[iris_clf_runner])

# Create API function with pre- and post- processing logic with your new "svc" annotation
@svc.api(input=NumpyNdarray(), output=NumpyNdarray())
def classify(input_series: np.ndarray) -> np.ndarray:

# Define pre-processing logic

result = iris_clf_runner.run(input_sexries)

# Define post-processing logic

return result

Model Serving

- SO0 2RSS API AH|AS5H=

A
& Inference CodeE #2ig £+ USOL} BIO| A0

= ML Framework2| RS XSO AP| AMH|AS} o

F= of0|E2{2|=0] &XY

CtS N[N AFE 7ts

- FastAPI 5= 2850 21X API AH{ 2

- BentoML
- Seldon Core

- NVIDIA Triton Inference Server

- VESSL Serve

Ejl

A VESSL



Serving

Tips
Monitoring® X|ESE AN & "ooto] =&e = UAEF {7
ML Model2 ZHAMOZ SFEIHAM RO I{IXHAT f‘H(HIIEE,
ML ModelQ| Z1tZ Data?l DistributionO| HHE 4 = 22 Q9|50 J{H0| &

Inference M2 = Z Rt 2t (Data preprocessing, Prediction mapping S) 2 Serving APIN|A| =3eX| =2 Backend
Codeli|A =X Ho| He

()
Tl Qof w2t 2t A S 23MSH= MicroserviceZ} [[I2 ZRsH & 9lS
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KubeFlow Pipeline G| A|

AirFlow Of|A]

[on example _dag

# Graph View ® Tree View ol Task Duration Bl Task Tries

Base date: | 2019-10-22 12:06:01 Number of runs:

| PythonProgramOperator |

collect_data_from_database_1

collect_data_from_database 2 [—
collect_data_from_external_api_1
collect_data_from_internal_api_1

-

collect_data from_external_api 2

4 Landing Times

v Run:

In [14): import kfp.dsl as dsl

def my pipeline step(step name, paraml, param2, ...):

return dsl.ContainerOp(
name = step_name,
image = '<path to my container image>|',
arguments = [
'=-paraml’', paraml,
'==param2', param2,

[
file outputs = {

'outputl’': '/outputl.txt’,

‘output2': '/output2.json’, OUtPUtS

i= Details 27 Refresh ® Delete

scheduled_2019-10-22T12:06:00+00:00 v Layout:

Left->Right

build_a_report_using_transformed_data

-+ store_transformed_data_in_warehouse

post_transformed_data_to_internal_api

M carry_out_alerting_using_transformed_data

ML Workflow Pipeline

erving s= X6t
- Pipeline2 ™2|6t0{ Schedule &2 Webhook S& 0|
- e.g.) 0iF 20| X502 ME2 22 Training
- e.g.) MZ2 H|0|E 7} HO[O|E E[J}SM XS = A

=22 22 Training &

CHS MH[AZ 1= Tt

- KubeFlow Pipeline

- Airflow

- flyte

. VESSL - Pipeline YA VESSL



Pipeline

Tips

KubeFlow Pipeline| Z<L HO|=7t A1 AirFlow= HXA ZHEHSHA| A|Zfsl H&= Z40|

OHM

o
| Y

- KubeFlow - Kubernetes £/l ML workflow= H2|56t7| 2|6l x[20f| 2 HE!. Of2] ot™ 7} Qe RIS

=

O
AirFlow - HIO|E| &4 X 2| Pipelines ZH=7| ?Iofl AHEEE Tool, MLOIE= &€& 75, Python 7|2t = & A%} Jts

olmat MA|EE F 1t™O0| Xts2} £|00F 5t7| IH=20]|, Training, Serving, Monitoring S 52| TtE 2 Z|CHet XS5}

D E I™Z 5iLEC| PipelineL = Tt=2q o X| 2, 2824

;g 171

|O

DT 2N A HZ Pipeline2 TH= 11 leandtA| YO|0|E sh= Zd0| Lt

ipelineZ £ Inputz} OutputE A HSHA| He|, o outputE monitoringstH pipeline2 YH|0|ESX| A

(@)
ipeline?| SX1 &A= A[MO| Ct=2EE Qlmat A7} 10| &3 &H|E|0 Q=X] =2

\V
U U
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Other MLOps Components

MODEL MONITORING
HAIZY DHO| HYXE| D Lt 0|s BHEo| HIMALL inference Z1E ZL|E{2
- NEE Z1E HECE Ol 2HE JHR0| HHE

—

[Where to Start] Neptune Al, Evidently Al, VESSL Serving

DATASET VERSIONING
DatasetO| A|& Holol= &t EALM| TIUSS A|AY| L2t Ot S/]E = JUEE K&
Git-LFS 7|EtQ| version control A|AHIS =t

[Where to Start] DVC, VESSL Dataset Versioning

HYPERPARAMETER OPTIMIZATION

I_

. AutoMLS| YZEOZ, HAle{d RO T3 50| HII20|EIS LTR|Z0| AHEOE Hoh%

[Where to Start] Weights & Biases Sweep, Katib, Ray Tune, VESSL Sweep

=

A VESSL



Other MLOps Components

GPU CLOUD SERVERS & SERVERLESS GPU

GPU Shortagez Qe 35 255 Sl Zot7| ft AMH[A
H

2 185 GPUE €E2 10 per-invocation / per-uptime 2H20t 0t=2

I

——

[Where to Start] RunPod, HuggingFace Serverless, Replicate

VECTOR DATABASES AND DATA RETRIEVAL
CHt%2 O|0|X|, BIAE MM O|0|E S= HH JEfZ MESIL QIE 4 = HMg = Q= MH[A
KNN, ANN(Approximate KNN) QIHIAS AtE35H0]| 71
[Where to Start] Pinecone, Qdrant, Milvus

A VESSL



KubeFlow

Kubernetes 2|0l|A] ML workflowZ Ft=0ot1 H{IESI |20} M Z2El= =
HESE ZH

| ZXHofLt, AR Z A E50] 20|12 Rl= MLOps =+ & SlLf

FEATURES

- Notebook Server
- Pipeline

- Serving

- HPO (Katib)

- Training Job

[14]): import kfp.dsl as dsl

def my pipeline_step(step_name, paraml, param2, ..

return dsl.ContainerOp(
name = step_name,
image = "<path to my container image>|,
arguments = [
'--paraml’, paraml,
'=—paraml’', param2,

¥
file outputs = {
‘outputl’: 'foutputl.txt’,
‘output2’': '/foutput.json’,

o )8

outputs

A VESSL



MLflow

Tracking, Training Job (Project), Registry & MLOps®| 7|xX& 2l componentE open-sourceZ X|&5t= X|Z
DatabricksOllA] X|&, O B2 7|52 Databricks Platform Qt|M B3t /JS

o
Open-source= HIEH| AXSHZ 5= U= AO| BH, MetXel JV[se= O B2 7|s2 AHE5I2{H Databricks= AFE0H{Of o

-

mli/c Github  Docs

Listing Price Prediction

FEATURES

Experiment ID: 0 Artifact Location: /Users/matei/mliflow/demo/miruns/O

- MLflow Tracking

Search Runs: metrics.R2 > 0.24

< M Lfl OW P rOj e Ct Filter Params: Filter Metrics:
° MLflOW MOdels (SerVing) 4 matching runs Download CSV &

° M Lfl oW Reg i st ry | Parameters Metrics

Source Version 1_ratio
linear.py 3a1995 . 0.2
linear.py 3a1995 . 0.5
linear.py 3a1995 . 0.5

linear.py 3a1995 0

A VESSL



Weights & Biases

23St Tracking Dashboard 7|5 M2, Sweep, Artifacts, Reports S9| 7|52 =7t X| &

FEATURES

- Experiment Tracking
- Hyperparameter Tuning
- Data + Model Versioning

- Collaborative Reports

A VESSL
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MLOps: The VESSL Way

A VESSL



What is VESSL?

The MLOps Platform - at any scale, on any cloud

Build, train, deploy, automate on one platform.

MLOps ® ZHES siLte| S OtoflM, 7HE 21| KZsHe Zi0| =X

HE - GIO[E x| AEE|

ofo|mui20|E{ £ =2} (AutoML)

Cl/CD X}S2} mo| =2}l

slo|Ha|= S| AE HA|RE
2E MY - ELEE

A VESSL



VESSL - Experiment Tracking

$ vessl run

-cluster “aws-apne2”
-resource “t4.mem-163.spot”
-dataset “/input:mnist-ocx”
-command “python main.py"”

Experiments(3s1)

> Manage Columns

Oo00 000000000 n

Name

rack-maé
357-proud-hare

drifter

salm
344-clear-singer

ter-kicker

Status

+ New experiment

Filter

1= Sort

Creator

sean

sean

sean

sean

sean

sean

sean

sean

sean

sean

sean

sean

> Tag

Tags Runn.. Created

(=) Terminate

accuracy
node_1_GPU_4 3m2.. 1wago 0.870442...
node_”
i Experiment Metrics 4
node_
node_
node_
node_
node_
node_
node_

node_

node_ accuracy

node_ /;/—'——/‘

loss learning_rate batch_size

0.464560.. 0.00676496545.. 232

val_loss

val_accuracy

val_loss

0.386283..

o

= Tracking

val_accur...
0.894500...
0.888666...
0.901499...
0.689333...
0.905166...
0.932666...
0.933000...
0.933333...
0.933000...
0.929666...
0.929499...
0.9375

0.932166...
0.933499...
0.927999...
0.938000...
0.930333...
0.909166...

0.909333...

0.871833...



VESSL - Cluster Management & Job Orchestration

Resource statistics

Resource Specs

3 Refresh

NAME PROCESSOR GPU TYPE RESOURCE EXPERIMI CPU

Usage 370 /3872

NVIDIA-GeFor...  1BCPU/BOGI/1GRU : Eae Requested 3158.81 /3872

NVIDIA-GeFaor... J2CPUA 2061 S2EPU n.1 enabled
MEMORY

vy Nodes 2 Usage 3.90TiB / 15.0TiB

A node of a cluster is worker machine that handles a machine learning workload. Requested 11.6TiB / 15.0TiE

NAME STATUS
GPU

no-gpu

Unavailable Usage 62.01 / 241

Requested 200 / 241 ) ST A ST

3 Waorkspaces

8.2 /128 84.2GiB / 503GiB N .
2 Experiments

1 Workspace

15887128 245GiB / 503GiB . )
Experiment

0.37 f 128 191GiB / 503GiB 3 Workspaces




VESSL - Dataset & Model Registry

Model repositories @

an4-sphere

Update

ays ago 3 day

ESPnet-LibreiSpeech 5

vihub-public-apne2/an4/

EMPTY REPOSITORY UPDATED 4 minutes ago

cifar-10-test

New Dataset Detectron2-COCOQ 3

Amazon Simple Storage Service

Retrieve data from Amazon Web Services S3.

S3 setup guide
ocr-mnist 3
Follow the setup guide to connect your AWS S3 bucket to VESSL.

ocr-mist

Created 3 hours ago + Updated 2 hours ago

e READY

Tota

121 MB

Prerequisites

To connect your AWS S3 bucket to VESSL, you will need:

avvihub-public-apne2/| Hole ARN Lo access 53, Learn more « An S3 bucket containing files
AWS External ID  savvihub-test « For private buckets, an AWS ARN with the ability to grant VESSL MODEL STATUS C CREATOR

permission to read from the bucket

Bucket Setup e READY epochs15

cifar-10
To authorize VESSL to connect to your S3 bucket, follow these

o instructions:
Enable Versioning

rce e READY avg_best epochs15 2 Harry Lee

savvih If you are syncing from a public bucket, skip ahead to

"Sten _Finish un VFSSI_confiauration”

#1 (v0.0.1) ® READY epochs10

1. Open the

2. Go to 1AM > Access Management > Policies and click Create
policy button.




VESSL - Model Serving

Model repositories *

mnist-repo 2
» READY

Model Serving

credit-scoring 1

aws-detectron2-coco-base
s READY

SERVICE STATUS Running

et senia @ AUTHENTICATION TOKEN ~ *#### % £ £ 5t b ssssssnanansnnss

* READY SERVICE ENDPOINT
CLUSTER aws-apne2-prod1

mnist-test 1

PENDING

sequential-recsys 24

s READY UPDATED 1 month ago




VESSL - Pipeline

detectron2 &= CROM WEBHDOE

‘A VESSL Al

VESSL Al [ Pipelines [ detectron2-coco

detectron2-coco ss

Steps

Step detail

Steps

Use Auto Curation?

run Drawing & Cropping
title lmage-preproc

Image

alert Crop,
title compress images . Data Visualization

m Canfiguraiton

manual input s ' o—— : Resizing
title Auto curation

crop

Integrity Check

) run
variables

title oregor

r_______________________W input
® run ® /input

Auto sampling

if ‘
title —0 manual input @
output

gallery /output

fitle Use Auto Curation? Use auto sampling

code
Yes No /root/crop-image

curation
title

git@github.com:vessl-

A VESSL



SNU GPU First Program
with VESSL Al

A VESSL



SNU S1}cliet GPU First 27

https://eng.snu.ac.kr/service/gpu/index.html

GPU First

Maietn Zatdjste st 1ds HFE +271 2506110 25 S22 AjH|A 0|8 S0] F0HX|HA| O
Lje ZHOZ ZaloC UH|AZ 0|8 £ 9l=2 A= 222 o 10% (DGX A100 GPU 87l AFRZ|=
A7t 4,0008) = 2 =(GTX 1080 AHE7|E) T2 1HE AlSot0 USLCE B Haa H3Hl
AH|A 0|8 REIERILICE

ENGINEERING | A VESSL Al

M & o % 3 3 3 o #



https://eng.snu.ac.kr/service/gpu/index.html

SNU S1tLlel GPU S{AE A7

- https://vessl.ai/snu-eng-dgx
- NVIDIA-A100-SXM4-40GB

- 8 GPU devices, 256 CPU cores, ~1TB Memory (per-node)
- 14S0| Heor 2 REHIO ot 8

- https://vessl.ai/snu-eng-gtx1080
- NVIDIA-GeForce-GTX-1080
- 1 GPU device, 12 CPU cores, 15GB RAM (per-node)

- W=, 25, 22 J=9| 7t ASS fI¢t interactive coding(Notebook) &

A VESSL


https://vessl.ai/snu-eng-dgx
https://vessl.ai/snu-eng-gtx1080

SNU S1}cliet GPU First 27

DGX - A100

XM= : 8-GPU NVIDIA A100 40GB,

Tensor Cores

4> ox
Olr

of;

o e =

AI/EIEOIE A1 E, Al R SE(CHEH
2= HE (DGX A100 GPU 871 AtE7

oI E2IRE CHH[10% R
&= A2t 4 000¢)
MLOps Z31E VESSL At

o
xel

& 32 GPU7ZIE, 13,824

: 5 PFLOPS(FP32), 20 PFLOPS(AIl), 40 POPS INT8

i

I 3) S €8

~

GTX-1080

M|E : DELL XPS 8930 SE

s : 2= i7-8700k, 16GB DDR4 RAM, GTX1080(8GB),

512GB M.2 SSD
2 : 102CH (

ot
Al CHE R X} 8| &

I

-
=i

| 27

= 270 7|BXS
AL : M2

|
t ot

2C|OE

)
7
e

rio

b

5
THEE : loT 2ISX|S H

)

ol Al&(2018. 2878

=

0%
>
fot

917X} CHOY (2018, HS 87| 2E] Alt)
A, A7 HE0 B B2
SHE VESSL ALE

1 R
e U
it

-

<
=
O
e
o
M

59 FolwsH 200, 0|F= w+H 12t 2H
F

: SNU FastMRI Challenge (2021. ({E%7|2E] A|&H)

N

O o

E

v
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¢§ Hands-on VESSL Al Tutorial ¢ §

A VESSL



Hands-on Tutorial

- VESSL 2|& 712, organization 8%

- Workspace M / Jupyter Notebook &%
Project 22| Experiment 24
Experiment tracking, Sweep

- CLI/ SDK

- VESSL Hub / VESSL Run 474

- Q&A

A VESSL



For more information...

- Official Docs
- https://docs.vessl.ai/
- SNU User Manual

- https://vesslai.notion.site/abd6abcb25764b28b619e28236bd22¢eb
Hubspot

From vessl.al homepage
Emall

- support@vessl.ai

A VESSL


https://docs.vessl.ai/
https://vesslai.notion.site/abd6a6cb25764b28b619e28236bd22eb

