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Forecasting
Forecasting is the science of predicting the future

Product demand

Actual demand vs. forecasted demand ($ Millions)

Over-forecasting leads
<«— to wasted resources

Under-forecasting leads

to lost opportunity | ‘ | ‘
] | H| | Y
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The case for Forecasting
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Forecasting at Amazon.com

Traditional statistical methods
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Forecasting at Amazon.com
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Traditional statistical methods

Use of Machine Learning
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Fo*ecasting at Amazon.com
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The AWS ML Stack

Broadest and most complete set of Machine Learning capabilities

Al SERVICES
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ML SERVICES

SageMaker Studio IDE NEW
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Amazon Forecast
Aztol 052 &t Ats=El 7| Alets A A

o OO o h\\ I
RS U/\j/ . || &\%@
\/

2ty == == T2 ArE B H| =LA H|0]g &
ory Jtseh 2

H| Ol H IO = 22l MEA QI 2 CfH| Held 2™ Amazon Key
st 0| =2 o= g2t =22 Management Service
T3 A52} 50% & E E| DMI|E

A2 3 oS3



Amazon Forecast
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Amazon Forecas
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Amazon Forecast

Behind the scenes
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Amazon Forecast
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Amazon Forecast
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Amazon Forecast
S@e o5 AlLzl0E X8

F A= OOy £ 2 =

@ S C AEIE

= Qg &S =EA)

| =nAe AZE

{é?{é} HE CHE A7)

3| A\
ﬁ

oF O|O| & Hz}

I_

01 2kSH GO Ef £
CERERLS



7}

Cost type

Pricing for Amazon Forecast

Pay-as-you-go pricing model

Pricing
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Amazon Forecast: Built-in Algorithms
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Non-parametric time series
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DeepAR+

/Neural network&

Prophet

Flexible local algorithms

ARIMA ETS NPTS

Baseline algorithms
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DeepAR Sample Notebooks

awslabs / amazon-sagemaker-examples ® Watch~ 202  uUnstar 3k | ¥Fork 2.2k

Amazon

g Branch: master v | amazon-sagemaker-examples / introduction_to_amazon_algorithms / deepar_synthetic / Find file = Copy path

D 2e pA R C)EI- | E_l deepar_synthetic.ipynb

- . b e

gll- ﬁ O |— 7 | _OI._l O|_|- ﬁ AnkitMethwani Update Sample Notebooks. (#872) 7dbfb55 on Sep 7 2019
5 contributors & ﬁ H ﬁ

<> Code Issues 182 Pull requests 45 Actions Projects 0 Security Insights

606 lines (606 sloc) 19.2 KB <> | B} | Raw Blame | History [J » T[T

Time series forecasting with DeepAR - Synthetic data

DeepAR is a supervised learning algorithm for forecasting scalar time series. This notebook demonstrates how to prepare a dataset
of time series for training DeepAR and how to use the trained model for inference.

import time

import numpy as np
np.random.seed (1)

import pandas as pd

import json

import matplotlib.pyplot as plt

We will use the sagemaker client library for easy interface with sagemaker and s3fs for uploading the training data to S3. (Use pip to
install missing libraries)

Econda install -y s3fs




Amazon Forecast:
Evaluating your Forecast
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Amazon Forecast in production
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Amazon Forecast in production
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Next steps

Amazon Forecast tutorials

https://github.com/aws-samples/amazon-forecast-samples/tree/master/notebooks
https://www.youtube.com/watch?v=Ed4i80Olf E8

Amazon Forecast documentation

https://docs.aws.amazon.com/ko kr/forecast/latest/dg/what-is-forecast.html
https://docs.aws.amazon.com/ko kr/forecast/latest/dg/APl Operations.html

Time series with Amazon SageMaker

https://github.com/aws-samples/amazon-sagemaker-stock-prediction
https://www.youtube.com/watch?v=g8UYGhOQt|KO

Time series with GluonTS

http://gluon-ts.mxnet.io/
https://qgithub.com/awslabs/gluon-ts



https://github.com/aws-samples/amazon-forecast-samples/tree/master/notebooks
https://www.youtube.com/watch?v=Ed4j8Olf_E8
https://docs.aws.amazon.com/ko_kr/forecast/latest/dg/what-is-forecast.html
https://docs.aws.amazon.com/ko_kr/forecast/latest/dg/API_Operations.html
https://github.com/aws-samples/amazon-sagemaker-stock-prediction
https://www.youtube.com/watch?v=g8UYGh0tlK0
http://gluon-ts.mxnet.io/
https://github.com/awslabs/gluon-ts
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https://aws.amazon.com/ko/training/learning-paths/machine-learning/
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