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What is MLOps ? [Researcher & ML Engineer]

Researcher . ML Engineer
ML Framework
=280 AF85Hs 7 (Framework)

=l
3tst p2le APEsn 3

OpenSource Model

@ODEHAI “ Hugging Face . G m Metq /

@ODGHAI % Hugging Face 5

XX 8 42

ol

22 147} SHOFx| 2f LigtE??

Zo0| ufet 2 2220l EE 3 7Y
£4,2200 27

JHME 2

z ML Engineer
ML Researcher B
[Dr. or Master]

#7k8: Aol Y = (20001 U] FF 4 SNS)ll A AN H& A8 2] &2 7hA S TR “H 7here)

- AL 7] Fle) o e gl
A5 2 & wA] A Githuboll 4] Repott gistel A fork 3& ) starE *F 2=

= A
P e P e


https://namu.wiki/w/%EC%8B%B8%EC%9D%B4%EC%9B%94%EB%93%9C

What is MLOps ? [MLEnginner & MLOps Engineer]

ML Engineer MLOps Engineer In Academia, | was an ML PhD,

S R : But in corporate,
> : & Am | just a ShellScript Master?
=280 AL83H= £7(Framework) . . Kubeflow

Amazon
SageMaker

e  Building the model is crucial, but there's
so much more to do beyond that.

G QOMeta § & niflow

@OpenAI “ | Hugging Face D

e  From model implementation to
deployment to operations, there's a need
for automation through platform
construction. Managing and building this
is known as MLOps. MLOps encompasses

: both model implementation and

29 spgagn " T training.

BentoML
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e  Model Serving'is just one part of this
broader MLOps spectrum.

MLOps Engineer

ML Engineer




What is Model Serving? ML Serving EcoSystem
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What is Model Serving?
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About Model Serving Framework

.u Web Framework 2t Model Serving Framework have a lot of common features
Cache
4 N bottleneck Rdb, For example
Common Web Framework (Application) Disk VO queue, PY PrOtOCOl Support ( http’ grpc)
gacheDB e  Serialization

dj ersistent i

pase ° Api docs (OAS 3.x)

Qklask °

>l But, each has specialized features for their respective areas

It's usually most efficient to access this area less often.

For example In Model Serving Framework

S e i . Support builtin default Metrics & Log

Serving

° Manage model backend worker process count

Feature Store
memory db or nosal




Model Serving: Architecture Concept

there is very little business logic in model server
model server just need to manage connection(http, grpc) and model worker process
it means that there is no more need writing code isn't it?
if you want, you can rebuild or customize
but wouldn't it be easier to just provide a built image?

© MLServer

TorchServe

tensorflow/serving *

By tenso / « Updated 18 hours ago

Official images for TensorFlow Serving (http://www.tensorflow.org/serving)

pytorch/torchserve

« Updated 2 months ago

The following table shows what versions of Ubuntu, CUDA, Triton Inference Servg

Container Version | Triton Inference Server | Ubuntu



Model Serving: Architecture Concept

but we need to connect with Feature Store
what about does data preprocessing & postprocessing
and fallback managing? (fallback response)

oh Framework does not support these features
but PLATFORM is able to support these features
by the way managing Platform has Very steep learning curve
(kserve, knative, istio , k8s ....)

Enginner

NVIDIA = MLServer

TRITON INFERENCE SERVER

TorchServe

Low Level): computer friendly
high Level): human friendly

ex: python is more human friendly than C



Model Serving: Architecture Concept

but we need to connect with Feature Store
what about does data preprocessing & postprocessing
and fallback managing? (fallback response)

we can support these features in Framework
oh one small things | need, can you introduce me the BentoML?

L

BentoML

Enginner

BentoML

Low Level): computer friendly
high Level): human friendly

ex: python is more human friendly than C



Model Serving: Architecture Concept

Model server is simple, there is only two component

° Manage Http, grpc connection & pre,post process logic : Front API Server

e inference Model worker process : Backend(Model) Worker

Application

Python/Cs+ Client Library

Model Repository
(Persistent Volume)

Model
Management

CORE
ASPIRED Scheduier Quoues Toackends:
‘ . . VERSIONS
Legend: Status/Health Metrics Export
Blue:  Caller-specific code
Green: TensorFlow Serving core classes / APls
Yellow: Pluggable implementations
Single physical or virtual maching
TorchServe Architecture TensorflowServing Triton Inference Server
Architecture Architecture

https://pytorch.org/serve/index.html
https://www.tensorflow.org/tfx/serving/architecture
https://docs.nvidia.com/deeplearning/triton-inference-server/user-guide/docs/user_guide/architecture.html



Model Serving: Architecture Concept

4

Container

TorchServe

Management API

Model handler

o moe *
orker counts

Model Serving Framework | e

Optional endpoint 1
request Worker pro
batching Model 1

Thread 1

l API Server

Model 1 Model store

Thread 2

Configuration
snapshot

Custom metri Trained model
reporting I Frontend —

Single physical or virtual machine

Backend Worker Backend Worker

https://pytorch.org/serve/index.html
https://www.tensorflow.org/tfx/serving/architecture
https://docs.nvidia.com/deeplearning/triton-inference-server/user-guide/docs/user_guide/architecture.html



Model Serving: Architecture Concept

4

Container

Model Serving Framework

l API Server

CORE

ASPIRED

1 VERSIONS

Backend Worker Backend Worker

Legend:

Blue: Caller-specific code
Green: TensorFlow Serving ccicciasscs e
Yellow: Pluggable implementations

https://pytorch.org/serve/index.html
https://www.tensorflow.org/tfx/serving/architecture
https://docs.nvidia.com/deeplearning/triton-inference-server/user-guide/docs/user_guide/architecture.html



Model Serving: Architecture Concept

Client
Application

i Python/C++ Client Library
Model Repository

Container
(Persistent Volume)

Model Serving Framework

Client application can
directlylink to C API Model

Lu API Server Management

Inference Request Inference Response

NVIDIA Triton
Inference Server

Per-Model Framework
Scheduler Queues Backends

Backend Worker Backend Worker

Model Model

Scheduler

Model Framework Model Framework

oneapi CUDA
| ’ Status/Health M

guest OS

https://pytorch.org/serve/index.html
https://www.tensorflow.org/tfx/serving/architecture
https://docs.nvidia.com/deeplearning/triton-inference-server/user-guide/docs/user_guide/architecture.html




Model Serving: Architecture Concept

BentoML is also same with other model serving framework
In BentoML

° API Server is Service ( like fastapi app)

° Backend Worker is called Runner
° Bento is a combination of one API Server and 1~N Runner

Bento is Unit of deployment in BentoML

BentoML allow to writing code

Unlike other frameworks where writing code is not the primary pattern
but BentoML allow to write code easily

https://docs.bentoml.com/en/latest/guides/batching.htmi#architecture



BentoML: Quick Start [save model without BentoML)

1. No BentoML only pure pytorch training example

# sample train pytorch model .
# 1. define Model ) python sample_train.py|
class SampleDummyModel(torch.nn.Module):
def forward(self, x_tensor) -> Tensor:
# pytorch Module, only return transposed tensor
return torch.transpose(x_tensor, 0, 1)

e __init__py

model = SampleDummyModel()

e sample_train.py

# 2. something model training code ....

# 3. finally save trained model to file
torch.save(model.state_dict(), "./sample_dummy_model.pt")



BentoML: Quick Start (save model with BentoML)

1. pytorch training example with BentoML

Jworkspace/i_am_python/i_am_managed_fastapi_project/README.md

L

from torch import Tensor

# sample train pytorch model ) pyth 0 n Sample_t Pain . py

# 1. define Model
class SampleDummyModel(torch.nn.Module):
def forward(self, x_tensor) -> Tensor

# pytorch Module, only return transposed tensor
return torch.transpose(x_tensor, 0, 1)

) bentoml models list sample-dummy-model
model = SampleDummyModel()

Tag Module Size Creation Time
# 2. something model training code .... sample-dummy-model:2023-08-12 bentoml.pytorch 2.22 KiB 2023-06-17 23:15:01

# 3. finally save trained model to file
# torch.save(model.state_dict(), "./sample_dummy_model.pt")
bentoml.pytorch.save_model(
=f"sample-dummy-model:{date.today().strftime('%Y-%m-%d')}", # {model-name}:{model-version}
=model,
={ # you can use labeling which managed by BentoML
"maintainer":

Just modify one line, if you want to bentoML



BentoML: Quick Start (upload model to S3 with BentoML)

AmazonS3 » 2l > pycon-sample-s3 > bento-models-folder/

) models list sample-dummy-model

bento-models-folder/

Tag Module Size Creation Time
sample-dummy-model:2023-08-12 bentoml.pytorch 2.22 KiB 2023-06-17 23:15:01

JLICL. Amazon S3 QIME2] [AS A

6|~ PyConKR2023-ModelServing/sanple_bento | on ® P main +70 121 224
) pip install "bentoml[aws]"

sample-dummy-model:20 bentomodel bentomodel

) models export sample-dummy-model:2023-88-13 s3://pycon-sample-s3/bento-models-folder/sample-dummy-model:2623-08-13.bentomodel
Model(tag="sample-dummy-model:2023-08-13") exported to s3://pycon-sample-s3/bento-models-folder/sample-dummy-model:2023-68-13.bentomodel.

) bentoml models export 2 2 H:H &
s3://bucket-name/path~/model-name.bentomodel




BentoML: Quick Start (save & upload model with BentoML)

2antosl Model Management API

torch
torch rt Tensor Besides the CLI commands, BentoML also provides equivalent for managing models:
bentoml import Model

Get List m Push [ Pull Delete

import bentoml
bentoml.models.export_model('iris_clf:latest', '/path/to/folder/my_model.bentomodel’
SampleDummyModel(torch.nn.Module):
forward( x_tensor) -> Tensor: bentoml.models. import_model('/path/to/folder/my_model.bentomodel')

torch.transpose(x_tensor 1) » Note

Model can be exported to or importffrom AWS S3, GCS, FTP, Dropbox, etc. for example:

bentoml.models. inport_model("s3://my_bucket/folder

model = SampleDummyModel()

bento_model: Model = bentoml.pytorch.save_model(
= datetime.today().strftime( )
=model
={

bentoml.models.export_model(

SRento Anre > bentoml models export {(MODEL_NAME}:{MODEL_VERSION}

2 2 s3://BUCKET_NAME/PATH~/MODEL_NAME.bentomodel




BentoML: Quick Start (save & upload model with BentoML)

bentoml

torch
torch rt Tensor
bentoml i rt Model

SampleDummyModel(torch.nn.Module):
forward( x_tensor) -> Tensor

torch.transpose(x_tensor 1)

model = SampleDummyModel()

bento_model: Model = bentoml.pytorch.save_model(
= datetime.today().strftime(

bentoml.models.export_model(
=bento_model.tag

If you use Yatai
You can manage model
version like a
° docker pull push
° git pull push

Model Management API

Besides the CLI commands, BentoML also provides equivalent for managing models:

Get List Import [ Export

If your team has Yatai setup, you can also push local Models to Yatai, it provides APIs and Web Ul for managing

all Models created by your team and stores model files on cloud blob storage such as AWS S3, MinlO or GCS.

import bentoml
bentoml.models.push("iris_clf

bentoml.models.pull("iris_clf:latest"

> bentoml models export {(MODEL_NAME}:{MODEL_VERSION}
s3://BUCKET_NAME/PATH~/MODEL_NAME.bentomodel




BentoML: Quick Start (inference without BentoML)

2. pytorch inference example without BentoML

# sample inference pytorch model LA T T G e T
tensor([[1.1000, 3.3000],

# 1. define inference Model
class SampleDummyModel(torch.nn.Module): [2.2000, 4.4000]])
def forward(self, x_tensor) -> Tensor:

# pytorch Module, only return transposed tensor
return torch.transpose(x_tensor, 0, 1)

# 2. load model

model = SampleDummyModel()
model.load_state_dict(torch.load("./sample_dummy_model.pt"))
model.eval()

sample_input = torch.tensor([[1.1, 2.2], [3.3, 4.4]], =torch.float32)

# 3. inference
inference_output = model(sample_input)

print(inference_output)



BentoML: Quick Start (download model & inference with BentoML)

2. pytorch inference example with BentoML
) python sample_bentoml_inference.py
tensor([[1.1000, 3.3000],
# s3 download bentoModel [2.2000, 4.4000]11)
bentoml.models.import_model(
"s3://pycon-sample-s3/bento-models-folder/sample-dummy-model:2623-08-13.bentomodel"”,

r="<AWS access key>", ="<AWS secret key>",

sample_dummy_model = bentoml.pytorch.get("sample-dummy-model:latest")
runner = sample_dummy_model.to_runner()
runner.init_local(quiet=True)

inference_input = torch.tensor(sample_input, =torch.float32ﬂ
# 3. inference
# inference_output = model(sample_input)

inference_output = runner.run(inference_input)

print(inference_output)



BentoML: Quick Start [Model Serving] devmode

Bentoml service.py sample

“import bentoml

import numpy as np
import torch

from torch import Tensor

runner = bentoml.pytorch.get("sample-dummy-model:latest").to_runner()
svc = bentoml.Service(name="sample-dummy-bento", runners=[runner])

@svec.api(
input=bentoml.io.NumpyNdarray.from_sample(np.array([[1.1, 2.2], [3.3, 4.411)),

output=bentoml.io.NumpyNdarray.from_sample(np.array([[0.0, 0.0], [0.0, 0.8]1]1)),
doc="description....",
)
casync def predict(input_array: np.array) -> np.array:
inference_output: Tensor = await runner.async_run(torch.tensor(input_array))
return inference_output.detach().cpu().numpy()

Bentoml serve service:svc (develop mode serving)
Default port : 3000

) bentoml serve service:svc --development --reload



BentoML: Quick Start [Model Serving] devmode

) bentoml serve service:svc --development --reload

sample-dummy-bento:None

Service APIs

/prea:

Infrastructure common infrastructure endpoints for observabilty

API Docs localhost:3000
builtin Healthy check API



'} PyConKF
] serve service:svc

2025-68-09T06:04:45+6900
2023-68-09T06:04:46+6960
2023-08-09706:04:47+6960
2023-68-09T66:04:47+6960
623-68-69T66:04:51+6960
623-08-09T06:04:52+6960
2023-68-09T66:04:52+6960
2025-68-09T06:04:52+6968
2023-68-09T66:04:5246960

[INFO]
[INFO]
[INFO)
[INFO)
[INFO)
[INFO)
[INFO)
[INFO]
[INFO)

BentoML: Quick Start [Model Serving] devmode

) bentoml serve service:svc --development --reload

Latency, Percentile 2

--development -

n P main 470 121

-port 13666

[cd] Prometheus metrics for HTTP BentoServer from "service:svc" can be accessed at htt

[cld] Starting production HTTP BentoServer from “service:svc" listening on
sample-dummy-bento:1] 127.6.6.1:59889 (scheme=http,method=6ET,path=/,type=,length=) (status=200,type=text/html; charset=utf-8,length=2945) 0.251ns (trace=661869284fc4féeb3675037bc522c968, span=252¢
anple-dunmy-bento:1] 127.6.8.1:59889 (scheme=http,method=GET,path=/docs.json, type=,length=) (status=260,type=application/json,length=4981) 22.859ms (trace=8décc559b1d57ed6111e4583b5¢2ab14, span=6¢
sample-dummy-bento:1) 127.6.68.1:59889 (scheme=http,method=POST,path=/predict,type=application/json,length=54) (status=268,type=application/json,length=24) 15.236ms (trace=0d7773958f9ad5d61684d4f8e
sample-dummy-bento:1] 127.8.6.1:59889 (scheme=http,method=POST,path=/predict,type=application/json,length=54) (status=268,type=application/json,length=24) 4.478ms (trace=blcéf1374c56da3d4af9p8a9fe

[api_server:
[api_seprver:s:
[api_server:
[api_server:
[api_server:
[api_server:
[api_server:

Builtin Log, metrics

latency

localhost:3000/metrics

(Press CTRL+C to quit)

731d7016, sampled=0, service,name=sample-dummy-bento)

ec1bf2192c, sampled=0, service.name=sample-dummy-bento)

b9a, span=f751ee4fd1687f79, sanpled=8, service.nane=sample-dummy-bento)
62, span=8731bd1alaa4B7d8, sampled=0, service.nane=sanple-dumny-bento)

sample-dummy-bento:1] 127.8.8.1:59889 (scheme=http,method=POST,path=/predict,type=application/json,length=54) (status=268,type=application/json,length=24) 1.941ms (trace=bcaabbf9f04c748276a6e99512. . rd3, span=7efbd658ad7edbef, sampled=8, service .nane=sample-dunmy-bento

sample-dummy-bento:1] 127.6.6.1:59889 (scheme=http,method=POST,path=/predict
sample-dummy-bento:1] 127.0.8.1:59889 (scheme=http,method=P0ST,path=/predict

 # ELe bentoml_api_server reques

_seconds Multiprocess metric
_seconds histogram

erver_request_duration
server_request_duration
erver_request_duration

* 1 http_response_cod
" ,http_response_code
/http_response_cod

/docs.son" , http_response_cod

"/docs. json" http_response_cod

/docs. json” ,http_response_code:

predict”, http_response_code="20
=" /pradiot hiep response code—“zuu* le

n

“sample-dumny-bento” , service_versi
&ample—d\lmﬂly -bent ,qer'uceiverexun’ not available"} 5.0
ample-dummy-bento

not avauabxe") 1.0
ot available"} 1.0

not available"} 1.0

service name="sample-dummy-bento”,service version="not available"
anple-dumny-bento" , sexvice_version="not available
"sample-dumny-bento” gsecvice yacsio

avallable ) 1.0
sample-dummy-bento" , service
sample-dummy-bento" , service_versior

“not available} 1.0
not available"} 1.0
", service_version="not availabl

)
ample-dumny-bento)
=sample-dummy-bento)



BentoML: Quick Start [Model Server Build]

Bentofile.yaml sample

bentofile.yaml fp service.py
service: "service:svc"
labels:
owner: kimsoungryoul
stage: prod
include:
- "service.py"
exclude:
- "tests/*"
python:
packages:
- "torch"

Bento package sample

= sample_bento
% bentofile.yaml
fe service.py

$ ./sample_bento
Command Example

bentoml build -f ./bentofile.yaml .

— — O — -
= e =

- i
—— S —

Containerize Bento
BentoML manage dockerfile In framework

Command Example
bentoml containerize sample-dummy-bento:latest

o1l containerize sanpLe-dumy-bento:latest
focker. image for. sanple-dusmy-bento:pt2u2aneokoazxs
@,

y/sampLe-dunny-bento

Successfully built docker inage for ™ 5 with tags "
To run yaur newly bUILE Bento container, pass "sampLe-dummy-bento:pt72u2aneckoazxs® to "docken run'. For example: "docker run -it --rm -p 3900:380 sanple-duny-bento:pt72u2ancokoazx serve --production’.

--version=2023-08-13

) docker inage 1s
REPOSITORY
sanpLe-dunmy-bento

e

pt7262aneokoazxs

) docker run -d --rm -p 3000:3000 sample-dummy-bento:pt72u2aneokoazx5 serve --production

mGE 10 CREATED s1ze
108808429594 About a minute ago  924MB.



BentoML: Quick Start [Summary]

1. Support model version managing (cloud storage S SJts)

There is almost features to Model Serving
2. Support api-server SDK(like a fastapi)

3. Bentoml support containerize (manage dockerfile in BentoML Self)



BentoML: Architecture [Model Serving]

. Support model versioning?
Why does not recommend fastapi & flask?  mm) Support default builtin metrics & logging?

Support containerizing? (auto build)
Support Managing Backend Worker?

) serve service:svc --developmentl

config.asgi:application --workers 3 -k uvicorn.workers.UvicornWorker --bind 0.0.0.0:8000 ) serve service:svc --development|

) serve service:svc --development|

2 Sunicorn . - Ceus,

BentoML manage proces

1
worker Hitp Request | web app | [ iris_model:iatest |

0.0.0.0:8000 iocess ﬁ

Ligie ) b — ; 8
S Eyent Loop
L} serve service:svc --development @Lhul
(s

0.0.0.0:8000 N . | process O )

Phec -
|:’,,> Master Process ( (web app ] (iris_modetatest ] ssyan Loop
- ) fibuv

Lﬁb app [ iris_model:latest 1 é‘int‘}oop

Http Request iris_model:latest

worker process Q

s&yent Loop

Model Serving’s performance key is Backend Model Worker(Runner) not API-Server
Web framework(flask, fastapi) does not manage Backend Model Worker separately



BentoML: Architecture [Model Serving] croduction mode

What will happen in bento after deploy with production mode

|) serve service:svc --production |

|) serve service:svc —-development|

BentoML manage process with circus
BentoML manage process with circus

API Server Runner

process ﬁ w—#k@{ibuv

0.0.0.0:8000 '
)
it iiont  web app ] (iris_mode-atest | Syant Loop Service:sve (Bemtot) () Q /
C (=S4t vess | g /
! Event Loop ) Runner (BentoML)

™ |
/ § tibuv e
0.0.0.0:3000 ~ Workers " ﬁ 3 B s t:::é;‘v:‘es‘ @H
N < 5 - - thread
— E (CorkBlepetoh ‘ :

.| Master Process

(circus-httpd)

service:sve (BentoML)
6

1

Http Request
(worker)

iris_model:latest

service:sve (BentoML) Event Loop

bentoML builtin circus(process manager) & uvicorn
Custom set Uvicorn worker count

bentoml serve —api-workers=3



BentoML: Bento Deploy Configuration Example

|) jocker run -d --rm -e BENTOML_CONFIG=/home/bentoml/bento/src/configuration.yaml iris_classifier:latest serve --production

assuming a container is allocated 8 CPUs

guration

F conj Jjam Container
version: 1 ~

. e S — . [Cicus,
api_server: BenowiLel 2 A

workers: 3
g Total CPU Count: 8

PUnners:

RESOUEEEeS s

CPU Count: 6

an ) /
{ > Runner (BentoML)
3 D \o7
00.0.0:3000 Workers orken) g [
~

cpu: 6

Master Process iris_modellatest
‘ | i .

v (circus-httpd) | Corkbispatch
Hitp Request | - servige:svc (BentoML)

—— g3, @1libyv
[Elmd W

service:svc (BentoML) Event Loop




BentoML: Bento Deploy Configuration Example

) docker run -d --rm -e BENTOML_CONFIG=/home/bentoml/bento/src/configuration.yaml iris_classifier:latest serve --production

Container is allocated 8 cpu core

o

Container

version: 1

api_server:

workers: 3
runners: < f(:BK11§/
resources: BentoMLe| RE =2MAL circusa AOIBILICH
cpu: 6
Total CPU Count: 8
workers_per_resource: 2
service:sve (BentoML) (
CPU Count: 6
Runner (BentoML)
0.0.0.0:3000 - ioster Brocess Workers 1 irfs_imodel:latest
. . — e ¢ " -
GPU allocation is also same to cpu oo ey | tereusnpay O S, GorkDlepaton

o [
. iris_model:latest
Individual Runner )

18k configuration.ym/ service:sve (BentoML) | Event Loop |

runners:
resources:
nvidia.com/gpu: 2

workers_per_resource: 2 TORCH.SET_NUM_THREADS

torch.set_num_threads (int)

Sets the number of threads used for intraop parallelism on CPU.



BentoML: Bento(Model-Serve) Configuration (batchable)

Batchable Option is not Silver Bullet

enabled: true
batching: r ‘ m’s
enable: True < = o ) max_bat size: 60
max_batch_size: 60 BentoML manage process with circus A tency ms: 16

max_latency_ms: 10

API Server Runner |

B In general, enabling the batchable option increases
Runner (BentoML) ) throughput but slows down latency.

row 20 service:sve (BumoML)
This makes sense.

The dispatcher intercepts the packets that are delivered to the
—_— ‘ runner and waits until several packets are gathered (max

Workers row 20 service:svc (BentoML) | K i ‘
| Meswr frocess :  CorkDispatch (warken [ batch size).
(circus-httpd) | ] iris_model-latest - ! . .
e st : 7 packets (max_batch_size) before forwarding them to the

Runner.

[ service:sve @entomt) | Another way of saying this is that a request that could have
been answered in 30ms might take 40ms because the
Diapatcher waits an extra 10ms (max_latency_ms).

Of course, depending on where the bottleneck is, batchable
options can have a positive impact on latency.

These batch options are also available on torchserve
tensorflowserving triton-inference-server



BentoML: Bento(Model-Serve) Configuration (batchable)

Batchable Option is not Silver Bullet

Worst Scenario
batching:
enable: True
max_batch_size: 60
max_latency_ms: 10

Master Process
(circus-httpd)

S <]

row 19 [ service:svc (BentoML) |

Workers [ service:svc (BentoML) |

[ service:svc (BentoML) |

BentoML manage process with circus

Runner

Runner (BentoML)

it
1 wait(block) teh
10MS(max_latency_ms)

. (worker) H
| Corkbispatch | s modotitest | lij—=—
- — ) HCwma ]

row 19

ed: true
ize: 60
e

In general, enabling the batchable option increases
throughput but slows down latency.

This makes sense.

The dispatcher intercepts the packets that are delivered to the
runner and waits until several packets are gathered (max
batch size).

packets (max_batch_size) before forwarding them to the
Runner.

Another way of saying this is that a request that could have
been answered in 30ms might take 40ms because the
Diapatcher waits an extra 10ms (max_latency_ms).

Of course, depending on where the bottleneck is, batchable
options can have a positive impact on latency.

These batch options are also available on torchserve
tensorflowserving triton-inference-server



bentoctl Deploy bentoML to Cloud (AWS, GCP, Azure)

aws example || |

AWS EC2

@ Amazon
< SageMaker

[

AWSLambda

bentoctl apply -f aws_lambda_deplyment_config.yam|

Model Serving
Framework

bentoctl 03
B Google Cloud Platform

A\ Azure

BentoML

kubectl apply -f bento_crd.yaml

Model Serving Platform

kubernetes

BentoML is manage dockerfile
And containerize

bentoctl manage terraform (.tf) file
deploy bento to Vendor(aws, gcp) of Cloud Resource




bentoctl: Deploy bentoML to Cloud (AWS, GCP, Azure)

% Fast model deployment on any cloud

bentoctl helps deploy any machine learning models as production-ready API endpoints on the cloud, supporting
AWS SageMaker, AWS Lambda, EC2, Google Compute Engine, Azure, Heroku and more.

Operator List

Supported Platforms:
Official Operators

AWS Lambda
AWS SageMaker
AWS EC2

Google Cloud Run

Operator Name
aws-lambda
aws-sagemaker

ws-
Google Compute Engine ae-ecd
¥ google-compute-engine
Azure Container Instances
google-cloud-run
Heroku
azure-functions

azure-container-instances

Heroku

Github Repo Status [ Migrated t0 1.0]  Guides
https://github.com/bentoml/aws-lambda-deploy/tree/main
https://github.com/bentoml/aws-sagemaker-deploy
https://github.com/bentoml|/aws-ec2-deploy
https://github.com/bentoml/google-compute-engine-deploy
https://github.com/bentoml/google-cloud-run-deploy
https://github.com/bentoml/azure-functions-deploy
https://github.com/bentoml/azure-container-instances-deploy

https://github.com/bentom|/heroku-deploy

https://github.com/bentoml/bentoctl



bentoctl Quick Start

) pip install bentocti

) bentoctl operator install aws-lambda

/Users/user/model-serving-asdflll/pl2-pctr-bento/.venv/bin/b
from bentoctl.cli import bentoctl

Installed aws—lambda!

> béntoctt init ‘
/Users/user/model-serving-asdf111/pl2-pctr-bento/.venv/bin/bentoctl:5: Dep|
from bentoctl.cli import bentoctl

Bentoctl Interactive Deployment Config Builder]

Welcome! You are now in interactive mode.

This mode will help you setup the deployment_config.yaml file required for
deployment. Fill out the appropriate values for the fields.

api_version: vi1
name: pycon_example
operator:
name: aws-—lambda
template: terraform
spec:
region: ap-northeast-2
timeout: 10
memory_size: 512
filename for deployment_config [deployment_config.yaml]:
|deplovment config generated to: deployment_config.yaml
‘+ generated template files.
- bentoctl.tfvars

— main.tf

1. Install bentoctl

2. install Cloud Resource operator

3. bentoctl init

) ca‘t deployment_config.
api_version: vl
name: pycon_example
operator:
name: aws-lambda
template: terraform
spec:
region: ap-northeast-2
timeout: 10
memory_size: 512

terraform file is created & managed by bentoctl



bentoctl QU ick Start deploy bento with aws-lambda

Rebuild bento to AWS-Lambda | B
ebulid bento fo S-Lambda Image Base $ bentoctl apply -f deployment_config.yaml

bentoctl apply ~f deployment_config.yaml

$ bentoctl build iris_classifier:2023-08-13 -f deployment_config.yaml
X build -b iris_classifier:pewnywxsxgptoasc -f deployment config.yaml s_ecr_repository.service: Read complete after 2s [id=testlambda]

bentoal,_internal.utils.bulldx is deprecated. Make sure to use ‘bentoal.container,build and ‘bentonl.container.health' instead. 9 ge: Reading
_ecr_inage ge: Read complete after 1s [id=sha256:b0637046b983acc0T52d4b387ddabc f8becod616214b169C

Terraform used the selected providers to generate the following execution plan. Resource
actions are indicated with the following symbols:
+ create

Terraform will perform the following actions:

d
{
after apply)
+ api_key_selection_expression quest. header. x-api-key
+amn (known after apply)

[+] Butlding 162.45 (11/17) ... other output from terraform

aws_apigatewayv2_integration. lanbda: Creation after 2s [id=jeaalbk]

Creation complete after 4s [id=/aws/lambda/testlanbda-function]
apigatewayv2_route.root: Creation complete after 3s [id
aws_apigatewayv2_route.services: Creation complete after

Apply complete! Resources: 11 added, @ changed, 8 destroyed.

Outputs:
endpoint = “http: ¢ .us ~1.amazonaws.. con/"
function_name

image "2 52. dkr. ecr. us-west-1,anazonaws. con/test lanbda: 0f7a12x26g2vh74c"

AWS Apigatewayv2, lambda cloudwatch was created

Auto push bentoml aws lambda image to ECR

w5 g oo e @ 6 0 e o]

pycon_example




BentoML: OpenLLM
(Large Language Model)

& OpenLLM

An open platform for operating large language models (LLMs) in production.
Fine-tune, serve, deploy, and monitor any LLMs with ease.

LLM (Large Language Models )

ttps://github.com/bentoml/OpenlL

Supported Models

The following models are currently supported in OpenLLM. By default, OpenLLM doesn't include dependencies to
run all models. The extra model-specific dependencies can be installed with the instructions below:

Model  CPU  GPU Installation Model Ids.

« thudn/chatgln-6b

thudn/chatgln-6b-int8

chatgm | % pip install "openllnichatgln]” thudn/ chatgn-6b-ints
thudn/chatgln2-6b

thudn/chatgln2-6b-intd

databricks/dolly-v2-3b
dolly-v2 pip-install openlin s/dolly-v2-Tb

cks/dolly-v2-12b

falcon [ pip install “openllnlfalcon]"
tiiuae/falcon-40b-instruct

google/flan-ts-snal
google/flan-ts-base
flan-t5 pip install “openlinlflan-ts]" google/fla
google/flan
google/flan-ts-xxl
gpt-neox pip install openllm eleutherai/gpt-neox-20b
nosaicnl/mpt-7b
nosaicnl/mpt-7b-instruct
nosaicnl/mpt-Tb-chat
nosaicnl/mpt-7b-
pip install “openlininpt]” = =)
storywriter
nosaicnl/mpt-30b
nosaicnl/mpt-30b-ins

nosaicml/mpt-30b-chat

facebook/opt-125n

facebook/opt-350n

facebook/opt-1.3b
pip install openlln

facebook/opt-2.7b

facebook/opt-6.7b

facebook/opt-66b

Lityai/stableln-tuned-

tyai/stableln-tuned-

- atpha-7b
stableim | (@ pip install openllm

bilityai/stableln-base

« bigcode/starcoder
starcoder | X pip- install “openlin[starcoder]” <

* bigcode/starcoderbase

@ Integrations

OpenLLM is not just a standalone product; it's a building block designed to integrate with other powerful tools
easily. We currently offer integration with BentoML and LangChain.

BentoML

OpenLLM models can be integrated as a Runner in your BentoML service. These runners have a generate
method that takes a string as a prompt and returns a corresponding output string. This will allow you to plug and
play any OpenLLM models with your existing ML workflow.

inport bentoml
inport openllm
model = "opt"

Um_config = openllm.AutoConfig. for_model(model)
Un_runner = openllm.Runner(model, lm_config=Uln_config)

sve = bentoml.Service(
name=f"1lm-opt-service", runners=[llm_runner]

@svc.api(input=Text(), output=Text())
async def promp t str) —> str:
answer = await lln_runner.generate (input_text)
return answer

S

Bon 25 E2HAE crus N0

Total CPU Count: 8
-
TR Sy ‘
Ry y ‘ v
L EventLoop ) vakm-wmh s
— J L OpenLLM| it
[omud] ==

S tibuv resd
Workers
Mastor Process
circus-hipe) Fe

Hitp Roguest J service:sve (BentoWL)

servico:sue (BentoML)

(AModel) Runner (BentoML)

e
CPU Count: 3
service:sve (BentoML)

tohL)
CPU Count: 3

Evont Loop) s

worker

- tworken
C OpenLLM|

https://github.com/bentom|/OpenLLM



https://github.com/bentoml/OpenLLM

BentoML UseCase In - Overview

Throughput is more
p Offline Serving important
ML Engineer { HIBENTOML

: — =
K Inference
large data Result
if we can use S: (dataframe)

Offline Serivng
Version Control
is importa GetModel .~ with BentoML

Build Model Server

Online Serving
MLOps Engineer ! e

Latency is more
important

Online Serving

request

Runner

(Model)

Runner

(Model)
Tensor

preprocessing Runner

human kindly format (Model)

request

Offline Serving (throughput is important)
Online Serving (Latency is important)



BentoML UseCase In -: troubleshooting 1 (pydantic)

Do not use pydantic (even if pydantic>=2.x) if you need high-end performance (recommend to use TypedDict)

Batch size : 10, pydantic
import numpy as np
inport pandas as pd
v from pydantic import BaseModel
iris_classify/profiling_bento.py
import numpy as np

inport bentoml
fron bentonl.1o inport JSON
from service import svc, Iris, IrisFeatures e A k) oL LI RE R

fron Line_profiler_pycharn inport profile
rUNNers = Svc.runners

iris_clf_runner = bentoml.sklearn.get( t").to_runner()

for runner in runners:

svc = bentonl.Service("iris ifier antic*, =[iris_clf_runner])
runner.init_local( =True)
. i class Iris(BaseModel):
sample_input = IrisFeatures( sepal_len: float
=[ sepal_width: float
Iris( petal_len: float
petal_width: float
class IrisFeatures(BaseHodel):
. features: List[Iris]
)

for _ in range(®, 16)

: -
)
@sve.api( =JSON(| =IrisFeatures), =NumpyNdarray())
result: np.array = svc.apis[“classify"].func( =sample_input) @profile
def classify(iris_features_pydantic: IrisFeatures) -> np.ndarray:
iris_features_dict = [iris.dict() for iris in iris_features_pydantic.features]
print(result)

input_df = pd.DataFrame(iris_features_dict)
result = iris_clf_runner.predict.run(input_df) ||
return result

When Row Size is 10, class to dict serializing is only 3.7% time



BentoML UseCase In -: troubleshooting 1 (pydantic)

Do not use pydantic (even if pydantic>=2.x) if you need high-end performance (recommend to use TypedDict)

Batch size : 1000 , Pydantic

classify/prof:

import numpy as np

from service import sve, Iris, IrisFeatures

runners = svc.runners

for runner in runners:
runner.init_local( =True)

sample_input = IrisFeatures(

=[
Iris(
6.2,
=3.2,
=5.2,
=2.2,
)
for _ in range(8, 1008) #
]
)
result: np.array = svc.apis[ fy"].func( =sample_input

print(result)

Fomee et Pydantic & AtZ&t OlA 22012 S

fron pydantic inport BaseModel 21

inport bentoml

fron bentonl.io inport JSON

fron bentonl.io rt NumpyNdarray

fron Line_profiler_pycharm import profile

iris_clf_runner = bentoml.sklearn.get( r m ).to_runner()

svc = bentoml.Service( y ' =[iris_clf_runner])

class Iris(BaseModel):
sepal_len: float
sepal_width: float
petal_len: float
petal_width: float

class IrisFeatures(BaseModel):
features: list[Iris]

@sve.api( =3SON( =IrisFeatures), =NumpyNdarray ()

@profile

def classify(iris_features_pydantic: IrisFeatures) -> np.ndarray:
iris_features_dict = [iris.dict() for irds in iris_features_pydantic.features
input_df = pd.DataFrame(iris_features_dict)
result = iris_clf_runner.predict.run(input_df)
return result

but row Size is 1000 it has 48.7% (almost half time in total Latency)



BentoML UseCase In -: troubleshooting 1 (pydantic)

Do not use pydantic (even if pydantic>=2.x) if you need high performance (recommend to use TypedDict)

Use TypedDict instead of pydantic

from typing import TypedDict

"t numpy as np

Batch size : 1000, TypedDict inport pandas as pd

mport bentoml

from bentoml.io import JSON

bentoml.io import NumpyNdarray

from Lline_profiler_pycharm import profile

£

iris_clf_runner = bentoml.sklearn.get("iri a ).to_runner()

svc = bentoml.Service("ir f , =[iris_clf_runner])

class Iris(TypedDict):
L | sepal_ton: Tuoat
sepal_width: float

petal_len: float
petal_width: float

class IrisFeatures(TypedDict):
features: list[Iris]

@sve.api( =3SONQ), =NumpyNdarray ()
Profiling Result (use Pydantic) Time 48.7 %-> 0 % @profile
- /o= ° def classify(iris_features_pydantic: TypedDict) =>-np.ndarray:
iris_features_dict = iris_features_pydantic["fe. 1
input_df = pd.DataFrame(iris_features_dict)
result = iris_clf_runner.predict.run(input_df) ||
return result

Profiling result ( use TypedDict )



BentoML UseCase In -: troubleshooting 2 (pandas DataFrame)

Do not use pandas in online serving if you need high-end performance (recommend to use numpy array)

dataframe is very heavy instance

Pandas is fast cause of numpy & Cython
But pandas calculate only single core so limitation is clear

=2 MODIN

To use Modin, replace the pandas import:

port numpy as np
pandas as pd
from line_profiler_pycharm import profile

@profile

def create_instance(sample_data):
dataframe = pd.DataFrame(sample_data) .
dataframe[:5_860], dataframe[5_060:]

arr = np.array(sample_data)
arr[:5_000], arr[5_600:]

in range(@, 560)] for row_size in range(8, 1.668)]

for _ in rar 8, 160):
create_instance(sample_data)

Pandas VS numpy speed comparison profiling Result

pandas : create instance double time slow , slicing is more 30 times sloy

Modin engine use multi core & support pandas Dataframe Interface

In online serving, pandas is not good solution
Modin is better but numpy is much better

Bentoml does not Modin IO Descriptor now

low level data structure is better like a typeddict or numpy



BentoML UseCase In

normal Bento Service

# origin
iris_clf_runnerl = bentoml.sklearn.get("iris_clf_with_feature_names:latest").to_runner(name="iris_clf_runnerl")

svc = bentoml.Service("iris_classifier_pydantic”, runners=[iris_clf_runnerl])

async def classify(iris_features: TypedDict) -> np.ndarray:
iris_features_list = iris_features["features"]

input_data = np.array([list(aa.values()) for aa in iris_features_list])
| resultl = await iris_clf_runnerl.predict.async_run(input_data) |
return resultl

you're talking about BentoML with Naver,

Why are you only talking about preprocessing, which seems completely unrelated?

Because Data Distributed Runner is needed these things

+ Online Serving (distributed Runner)

Create two same Runner & inference distribute rows

# distributed-runner

iris_clf_runnerl = bentoml.sklearn.get("iris_clf_with_feature_names:latest").to_runner(n ="iris_clf_runneri")

iris_clf_runner2 = bentoml.sklearn.get("iris clf_with_feature_names:latest").to_runner(nan

iris_clf_runner2")

svc = bentoml.Service("iris_classifier_pydantic", ers=[iris_c1f_runnerl, iris_clf_runner2])

sve.api(input=JSON umpyNdarra
async def classify(iris_features: TypedDict) -> np.ndarray:

iris_features_list = iris_features["features”]

# Convert list to an array

input_data = np.array([list(aa.values()) for aa in iris_features_list])

resultl, result2 = await asyncio.gather(
iris_clf_runnerl.predict.async_run(input_data[:250]),
iris_clf_runner2.predict.async_run(input_data[250:]),

)
return np.concatenate((resultl, result2), axis=0)

# test code
client = Client.from_url("htt localhost:13080")
latency_list = []

for _ in range(560):
t = datetime.now()
res = client.call("classify", random_input_size_fixed)
t = datetime.now() - t
latency_list.append(tt.total_seconds())

print(f"AVG: {sum(latency_list)/ len(latency_list)}")
print(f“Median: {np.median(sorted(latency_list,reverse=True))}")

print(“percentile: ", np.percentile(latency_list, [56, 75, 180], interg ='nearest'))



BentoML UseCase In

+ Online Serving (distributed Runner)

As a Result
The larger the batch size, the more effective the distributed runner approach can be.

> The efficiency of the batch size is affected by the number of CPUs allocated to the Runner + the number of threads adjusted in MLFramework.

For the Iris_feature model, we can see that the Latency AVG and Median values are worse with a batch_size of 500, albeit slightly.
However, when the batch_size is larger (batch_size=1000), we see an improvement in latency.

; Batch Size: 500
EEN origin

dis-runner

. origin AVG
mmm dis-runner AVG

= origin Median
= dis-runner Median

50% 75% 100%
500 1000 1000 2000

Average Latency By Batch Size Median Latency By Batch Size Peicentles

Low is Better Low is Better Low is Better

Batch Size: 1000

BN origin
dis-runner

50% 75% 100%
Percentiles

Batch Size: 2000
5

EE origin
dis-runner

50% 75% 100%
Percentiles

dis-runner: distributed-runner

SIROGEINIEREEN Distributed Runner Limitations and More efficient Usage
https://github.com/KimSoungRyoul/PyConKR2023-ModelServing-BentoML /issues/5


https://github.com/KimSoungRyoul/PyConKR2023-ModelServing-BentoML/issues/5
https://github.com/KimSoungRyoul/PyConKR2023-ModelServing-BentoML/issues/5

Model Serving(Inference) Platform with xes

e Yatai (with BentoML)

e Kserve (standardized inference platform)



Model serving platform
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Serving Platform Concept

e Model Version Control Bento Model , S3, GCS, ...
e Model Server Version Control ECR, dockerhub (image)
e Deployment, Replica Control K8S CRD (Custom Resource Definition)

e Observe prometheus, grafana

Yatai KServe

‘ Al Application

developm

reconcile




Serving Platform Component CRD

Platform support simple deployment system
Just set Yaml file & apply

Yatai CRD BentoDeployment Kserve CRD isvc (inferenceservice)

# iris_bento_deployment.yaml

apiVersion: serving.yatai.ai/v2alphal # image_classifier.yaml
kind: BentoDeployment apiVersion: "serving.kserve.io/vibetal"
kind: "InferenceService"
metadata:
metadata:
name: my—bento-deployment name: “"torchserve"
namespace: my-namespace spec:
spec: predictor:
bento: iris_classifier:pewnywxsxgptoasc =
N modelFormat:
ingress: name: pytorch
enabled: true storageUri: gs://kfserving-examples/models/torchserve/image_classifier/vl
kubectl apply -f iris_bento_depolyment.yaml Kubectl apply -f image_classifier.yaml

kubectl get bentodeployments kubectl get isvc




Serving Platform Yatai
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Serving Platform Component CRD

Kserve does not support Model Registry. Also, the frameworks used by kserve are different for each model.

For this reason, kserve provides an additional CustomResource called servingruntime.

Servingruntime is responsible for mapping the models that need to be deployed to the Model Serving Frameworks that can be deployed.
If there is no servingruntime inside the deployed kserve that supports the model specified in the isvc deployment, it will not be deployed.
As mentioned earlier, you need to understand each MLFramework and Serving Framework.

You need an MLOps team to manage Kserve (even if you use GCP kubeflow...)

Supported Model Formats

) kubectl get clusterservingruntimes

NAM DISABLED  MODELTYPE CONTAINERS kservedghserver LightGEM

KSEFVE-lngEFVEF Lightgbm kserve-container kserve-mlserver SKLearn, XGBoost, LightGBM, MLflow

kserve-mlserver sklearn kserve-container

kserve-paddleserver paddle kserve-container kserve-paddleserver Paddle

kserve-pmmlserver pmm1l kserve-container

kserve-sklearnserver sklearn kserve-container kserve-pmmlserver PMML

kserve-tensorflow-serving tensorflow kserve-container

kserve-torchserve pytorch kserve-container kserve-sklearnserver SKLearn

kserve-tritonserver tensorrt kserve-container

kserve-xgbserver xgboost kserve-container kserve-tensorflow-serving ~ TensorFlow
kserve-torchserve PyTorch

kserve-tritonserver TensorFlow, ONNX, PyTorch, TensorRT

kserve-xgbserver XGBoost

https://kserve.github.io/website/0.10/modelserving/servingruntimes/



Serving Platform Yatai BentoDeployment

BentoML Container serve --production

’ Yatai (BentoDeployment)

Container

[Ciecus; .::E. (AModel) Runner (BentoML)

Container CPU Count: 3

Total CPU Count: 8 (o) senvice:sve (Beont

CPU Count: 3 2 Corkdlepaten

Container)
service:sve (BentoM) | e

(BModel) Runner (BentoML)

CPU Count: 3

(BMode) Runner (BentoML) Container }— Container

service:sve (BentoML) |
CPU Count: 3
[ concpmen

BentoDeployment CRD

BentoML spawn more process In Container Yatai deploy more Pod In k8s

BentoML spawn api-server process & runner process

https://docs.yatai.io/en/latest/concepts/bentodeployment_crd.html



Serving Platform Yatai BentoDeployment

Use cases 1 (Offline serving)
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Use cases 2 (Increase throughput)
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https://docs.yatai.io/en/latest/concepts/bentodeployment_crd.html



Serving Platform quick Start

You can see a demo of both Kserve and Yatai on minikube.
Enter each official site and execute the QuickStart Script

Home  Gettingstarted  Administration Guide ~ User Guide ~ APIReference  Developer Guide

Getting started
KServe Quickstart

nferenceServ
W:,uer th Inferenc Before you begin
Warning
KServe Quickstart Environments are for experimentation use only. For production installation, see our
Administrator's Guide

Before you can get started with a KServe Quickstart deployment you must install kind and the Kubernetes CLI

Install Kind (Kubernetes in Docker)

You canuse kind (Kubernetes in Docker) to run a local Kubernetes cluster with Docker container nodes.

Install the Kubernetes CLI

The Kubernetes CLI ( kubect1 ), allows you to run commands against Kubernetes clusters. You can use kubectl to

deploy applications, inspect and manage cluster resources, and view logs

Install the KServe "Quickstart" environment

You can get started with a local deployment of KServe by using KServe Quick installation script on Kind:

ntent.c

talling Yatai

Instali

Use Existing AWS S3with 1AM Create New AWS S3

export
export
export
export
export 53_SECRET_KEY=$(aws configure get default.aws_secret_access_key)

0 yatai-i builder export $3_SECLRE

Note

Remember to replace YOL GION with y ion, replace YOUR-BUCKET-N

4.Install Yatai
1. Install the Yatai Helm chart

heln upgrade —install yatai yatai
—repo https://bentonl.github. io/heln-charts

Postaresql. password=sPG_PASSWORD \
postgresql.sslnode=$PG_SSLHODE
$3.endpoint=s53_ENDPOINT \

53..5ecretKey=$53_SECRET_KEY

Note

1f you are usin Role, you should add the fo

-fatse

2. Verify the Yatai Installation

kubectl —n yatai-systen get pod ~L app.kubernetes. io/nane=yatai @

The output should look like the following:

Note

Wait il the

NAME READY ~STATUS  RESTARTS  AGE
yatai-dbfbbb66f-67cad  1/1  Running 0

https://kserve.github.io/website/0.10/get_started/#install-the-kserve-quickstart-environment

https://docs.yatai.io/en/latest/installation/yatai.html
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Model Serving Frameworks are mostly similar in architecture. The only difference is how they are used and for what purpose.

BentoML is a unified framework, so it is compatible with most MLFrameworks. This is one of the biggest advantages of BentoML

It's more efficient to simplify model serving with BentoML and use that time to improve the performance of the model itself, rather than jumping from BentoML to another model
framework to improve performance.

(this is why our team use BentoML)

If you need high performance, triton-inference-server is a very good choice

For this reason, bentoml only supports triton-inference-server as a runner.

Model Serving Platforms are similar in usage: Kserve, yatai (because they are based on k8s).

The case of SageMaker Deploy is a little different because it is a cloud-based resource unit. In this case, you can use bentoml inside sagemaker with bentoctl.

BentoML and yatai are the best combination, but that doesn't mean that yatai is mandatory (=yatai, kserve), which can be chosen again when the organization moves up to
platform).

If you have a clear understanding of the Serving Platform concept in the first place, you are free to switch.

BentoML and Yatai are both good frameworks, except the naming sense (in this case only In Korea (IMO))

pdf download link
https://github.com/KimSoungRyoul/PyConKR2023-ModelServing-BentoML
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