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Amazon SageM aker
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— Jupyter kmeans_mnist (autosavec)

File Edr View nsan Cell Keorrm Wicgets Haoip Not Trusted

B 4+ % 2B 4 ¥ MNRn B C

Coce H
For this dataset, conversion takes approxmately one minute.

In | )5 titipe

import io

vectors = [t.tolist() for t im train set[0}]
labels = [t.tolist({) for t im train set{lj}]

sagenmaker.kmeans.write data_as_pb recordio(vecters, labels, but)
buf.seek(n)

Upload training data 1|

titine
import botold

Emvironment (conde_pythond) O

3 O Edit Presentaticn & Show Presentalion

A
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Fie Edit View Irsert Coll Kamol Wicgets Heip Not Trusted | Environment (cooda_pythond) O
Z + 220 2~ ¢ MHAn B C Coce 3 B O EctPrsercation & Show Presentation

Once wo have the data preprocessed and avallable n the correct format for training, the next step s to actualy train the modal
using the data. Since this data is relatively small, it isn't meant to show off the performance of the kmeans training algorithm -
we will visit that in another example,

Afteér setting training parameters, we kick off training, and poll for status until training (s complated, which n this example, takes
between 7 and 11 minutes.

in | |: from sagemaker.kmeans import KMeans

kneans = KNeans(role=role,
train_instance count=2,
train_instance type='ml,cd.8xlarge’,
output path=output location,
k=10,
feature din=784)

In [ ]: %itime

@( ‘train':s -J_tra@
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EIE =R SNy it

~ Jupyter kmeans_mnist (auaceaved) o
i Eon View Insen Call Karnol Wicgets Hop Nat Trusted Environment conda_pythand) O
B 4+ 5 290 424 ¥ HAun B C Code I B O Edt Pesentation & Show Prasentation

As a result, we have infroaducad some flexibiity with respect to model depioyrmant, with the goal of additional model
deplyyment tamgets after unch. In the short term, that introduces some complexity, but we are actively warking on making that
easwr for customers, evan before GA,

Import model into hosting

Naxt, you registar the moded with hosting. This alows you the flexitdity of importing models traned elsawhere, as well as tha
choioe of not importing models if the target of madel creation is AWS Lambda, AWS Greengrass, Amazon Redshift, Amazea
Athena, or other deployment target.

ine

kxneans_predictor = kmeans.deploy(initial instance count=1,
instance_type~'ml.cé.xlarge’)

Validate the model for use

Finally, the customar can now valdate the maodel for use. They can obtan the endpoint from the client library using the result
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" jupyter kmeans_mnist (autosaved) -
File Edi View insort Cell Kamal Widgets Haip Not Trusted Envieonment (conda_pythand} ©
B+ 2 & B 44 ¢ HAn B C Code ! = O EdtPresontation K3 Shaw Presantation

inatanc;_type- ‘ml.cd. xlarge')

Validate the model for use

Finalty, the customer can now validate the model for use. They can obtain the endpont from the clent library using the rasult
from previous operations_snd generate ciasadications from the trained model using that endpoint.

result = kmeans predictor.predict(train set[0][30:31))
print(result)

OK, a single prediction works.

Let's do a whole batch and see how well the clustering works.
In | Jr Aitime

result = kmeans_predictor.predict(valid set[0][0:100])
clusters = result! ' labels')
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Amazon SageMaker — F—#Eh1E

Amazon SageMaker A [13C4Y: https.//aws.amazon.com/sagemaker/

fé Fl Amazon SageMaker SDK:
«  Python: https.//github.com/aws/sagemaker- python-sdk
»  Spark: https://github.com/aws/sagemaker-spark

SageMaker #:451: https://github.com/aws abs/amazon-sagemaker-examples
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