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Forecasting

(It's difficult business)
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Examples of typical forecasts in CPG

External forecasts
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Internal forecasts
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Various levels of granularity
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The challenges of forecasting

Either approach will have its own set of challenges

Manual / Expert forecasts Automated / Machine Learning forecasts
o Very expensive to generate at scale o Historical data availability
o Also expensive to update frequently o Forecast dependencies & compounding errors
e Inconsistent set of assumptions o Solution maintainance
e Human Bias o Explainability
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Key Technical Requirements

For a Data Science team developing ML forecasting solutions

Easy experimentation Deployment process Sustainable maintenance
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Developling a
framework for
predictive ML
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Overview of

f ramework

v @@ EuropeAnalytics
> @ 00-Commons
v @ O01-Libraries
v @ 01-PredictiveML

> @ 00-DataPreprocessing
> @ 01-ModelTraining
> @ 02-ModelDeployment
> @ 03-ModelPredictions
> @ 04-ModelExplainability
> #@ 04-ModelMonitoring

> @ 02-POCs

> @ 02-Projects

DATA'Al SUMMIT
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prep_obj = PreprocessingExecutor(”value”, h_period)

prep_obj.transform_imputer()

Data preprocessing

prep_obj.transform_OHE ()

For Feature Engineering

prep_obj.transform_SHAP(

prep_obj.transform_standardscaler()
prep_obj.transform_powerTransform()

v EuropeAnalytics mapping_thresh=mapping_thresh,
key=feature_mapping_category,
> 00-Commons path=feature_mapping_path,
v 01-Libraries )
v 01-PredictiveML df_xa = prep_obj.prep_x_ahead(df, col list)
df_pass = prep_obj.execute_preprocess_pipeline(df xa, "Retaliler_Country_step”)
» @ 00-DataPreprocessing pip, steps = prep obj.getPiplineAndSteps()
PY NB_Preprocessing_Library.py
> 01-ModelTraining Transformation Function Name Parameters Type
One Hot Encode transform_OHE Categorical
> 02-ModelDeployment
Simple Imputer transform_imputer Numeric
5 ) i
Lebrte izl Standard Scaler transform_standardScaler Numeric
> 04-ModelExplainability Power Transform transform_powerTransform Numeric
S O4*ModeIMomtoring Select Columns transform_selectCols Cols ->List Feature Select
Select K Best transform_selectKBest k->int Feature Select
> 02-POCs
Recursive Feature Elimination transform_RFE n_feat->int Feature Select
RFE Cross Validation transform_RFECV = Feature Select
Correlation Filter transform_correlationFilter Thresh->float Feature Select
Elastic Net Filter transform_ENFilter Thresh->float Feature Select
PCA transform_PCA Dimension Reduction
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reg_obj = RegForecast("value"”, model list, h_period, mlflow_exp, None, None, None)
® ® reg_obj.setIDCol("Retailer_Country_step")
Mo d e l T r a 1 n 1 n reg_obj.setModelCategory(category_cl)
reg_obj.setlLossFunc(loss_func)
reg_obj.setNJobs (@)

Time Series ML Regression Library Lo, setsootstrap(-+1)

reg_obj.setTransTarget(False)

v EuropeAnalytics df_out, pip_t = reg obj.train_models(
df_pass, pip, steps, project name, artifact path
> 00-Commons )
v 01-Libraries

v 01-PredictiveML

Hyperparameter Evaluate run
tuning with relevant
(hyperopt) loss function

Select next
model

> 00-DataPreprocessing Train Data

Vv @ 01-ModelTraining

PY NB_ML_Regression_Library.py
HYPEROPT
PY NB_TS_Forecasting_Library.py
Max

> 02-ModelDeployment @ hyipteerrospt

databricks / met?

> 03-ModelPredictions

> 04-ModelExplainability

> 04-ModelMonitoring Run WF
Log metrics validation
End 4 All models and model to with best

run? MLFlow model

parameters

DATA'AI SUMMIT ©2024 Databricks Inc. — All rights reserved 10



Model Training
Time Series Forecasting Library

Vv @ EuropeAnalytics
> @ 00-Commons
v @ O1-Libraries
v @ 01-PredictiveML
> @ 00-DataPreprocessing
Vv @ 01-ModelTraining
PY NB_ML_Regression_Library.py
PY NB_TS_Forecasting_Library.py
> @ 02-ModelDeployment

03-ModelPredictions

v
[ ]

v
L}

04-ModelExplainability

%
]

04-ModelMonitoring

fc_util = ULForecastUtil(
p_period,
h_period,
seasonal_period,
correct_outliers,
batch_size,
hyperopt_search_list,
project_name,
exp_name,
mlflow_exp,
exp_training_file path,
model_list,
region,
run_type,
model_type,
box_cox,

print("Training data loaded™)
if df_train.count() != @:

create_mlflow_path = mlflow_path(ctx, mlflow_exp)

result = (

df_train.select("category”, "time", "value")

.groupBy ("category™)

.applyInPandas(execute_tune_train, schema=result schema)
}.cache()

result, result_agg = fc_util.logResults(df_train, result)
print(“Logged results")
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def objective_wf{self, params}):
([ d ([ d
Model Training S
params dict
. .
Walk forward validation
dict
v EuropeAnalytics
This is the main hyperopt objective function aiming at minimising the model metric
> 00-Commons
v 01-Libraries model = params["model"]
df = params["df"]
v 01-PredictiveML del params["model"]
del params["df"]
> 00-DataPreprocessing print(params)
pip = Pipeline(steps=[("regressor”, model({**params))])
Vv @ 01-ModelTraining if self.trans_target:
pip = TransformedTargetRegressor(regressor=pip, transformer=self.trans_target)
PY NB_ML_Regression_Library.py total_pred_df = self.walk fw_valid(pip, df)
total_pred df, metric = self.calc_metric_wf(total_pred_df)
PY NB_TS_Forecasting_Library.py if loss func is not Mone:
metric = loss func(total pred df)
> 02-ModelDeployment
return {"loss": metric, "status”: STATUS_OK}
> 03-ModelPredictions
> 04-ModelExplainability Training set Test set
> 04-ModelMonitoring Training set Test set

Training set Test set

Training set Test set
Time 1 Time 2 Time 3 Time 4 Time 5 Time 6
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Model Deployment

Deploy throughmiflow in Databricks

v EuropeAnalytics
> 00-Commons
v 01-Libraries

v 01-PredictiveML

> 00-DataPreprocessing

> 01-ModelTraining

Vv @ 02-ModelDeployment
PY NB_Select_Deploy.py

> 03-ModelPredictions

> 04-ModelExplainability

> 04-ModelMonitoring

> 02-POCs

client = MlflowClient()

project_name_full = forecast_model.generateModelName()
df_results = load_models(project_name_full)

if df_results.filter("current_stage = 'None'").count() != @:

df_results_upd = drop_models(df_results, df_train)
if df_results_upd.filter("current_stage = "None'").count() !=
e:
df_ts_result = select_models(df_results_upd)
df_all_models, df_models_promote, df_archive =
deploy_models(df_ts_result, df_results, df_results_upd)
else:
archive_models(df_results.filter("current_stage = 'None'").
toPandas())

databricks

v
Archive
mif v r——MMH
A

Compare new

Promote best

New models models based

trained and S on error S g New model to

Staging

registered metric

Pass
Deployment
tests?

‘IIIIEiHIIII"
Promote model p

to Prod
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Model Inference

Load prod models and predict

v EuropeAnalytics
> 00-Commons
v 01-Libraries
v 01-PredictiveML
> 00-DataPreprocessing
> 01-ModelTraining
> 02-ModelDeployment
v @@ 03-ModelPredictions
PY NB_Predict_Library.py
> 04-ModelExplainability
> 04-ModelMonitoring
> 02-POCs

DATA'Al SUMMIT

Get predictions

def execute_fit_forecast(df):
print(“Starting execution

project name full - forecast model.generateModelName()

print(project name full)

return forecast_model.fit_forecast(df, project_name_full)

result_schema - StructType(
[
StructField(“category”, StringType(), True),
StructField("time”, DateType(), True),
StructField("value™, DoubleType(), True),
StructField("predicted”, IntegerType(), True),
StructField("lowervalue”, DoubleType(), True),
StructField("uppervalue”, DoubleType(), True),
StructField("processed_at”, StringType(), True),
]
)
result = (
df_train_select( category”™, “version”, "Algorithm™, “time”, “value")
.groupBy(“category”)
.applyInPandas(execute fit_forecast, schema-result_schema)
)

# Clean data

result

Fc_util.clean_columns(result)

Load model in
Prod for
inference

Prediction
Data

Run inference

S

databricks

Pass
Inference
tests?

Bootstrap?

mlfl)w

Calculate

Publish prediction

predictions

intervals
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Model Explainability

SHAP library

v EuropeAnalytics

SHAPIley additive explanations

> 00-Commons

v @ Ol-Libraries * Model agnostic

mov_avg_UPG
AL RuiBa Bl U * Local & Global interpretability

Retailer_ TESCO

value_6

> 00-DataPreprocessing

def model_transform_shap(X, cell): value_11

step
> 01-ModelTraining X = X.drop(columns=["Cell", "time"])

value_1

> 02-ModelDeployment cell e

e11 value 9

join(e for e in cell if e.isalnum())

GDP_4q_ratio_3ML
model_name = project_name + " _{}".format(cell cl
model_version_uri = "models:/{model_name} Format( RSH_4q_ratio
- model_name-model name, sta roduction value_10
> 03-ModelPredictions )

Retailer WAITROSE

looded model = m1flow sklearn.load model(model version uri)

v @ 04-ModelExplainability "

PPI_dq_ratio

ply ine ions to value_14
unified pipeline - loaded model.named_steps[“pre_pip"] e 5

value
X = unified_pipeline. transform(X) -

PY NB_Shap_Values.py A e e s e POIL_4q_ratio
CPI_4q_ratio
T s CPI_QTR_4q_rati
> 04-ModelMonitoring explainer - shap.TreeExplainer(loaded_model.named_steps[ "o QTR _4q_ratio
shap_values = explainer.shap_values(X) # X train or one i from X_test 43 other features m

> 02-POCs return X, explainer, shap_values, feature names
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Working towards
sustainable
maintainance
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Modularisation

Organise in library
functions & classes

Microsoft Azure | &3 databricks | Q Search data, notebooks. recents, and more— CTRL+P

ForeSight

DATA'Al SUMMIT
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Labs for development
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Parallelisation

Parallelising using
Spark and applylnPandas

Parameterisation

Use of config files, widgets,

metadata files

def execute_tune_train(df):
print("Starting execution....
forecast_model - ULForecast(
p_period,
h_period,
seasonal_period,
correct_putliers,

batch_size,
hyperopt_search_list,
project_name,
exp_name,

mlflow_exp,
exp_training file_pat
model_list,

region,
run_type,
model_type,
pickle_files,
box_cox

]
forecast_model.setHolidayParams(holiday_year, holiday_country)

print("Category .." + str{df.category.unique())})
return forecast_model.train_tune_models(df)

print("Training data loaded"}
if df_train.count() != @:

create_mlflow path = mlflow_path(ctx, mlflow_exp)

result = {
¢f_train.select("category®, “time", "value")

.groupBy("category”)
.applyInPandas (execute_tune_train, schema-result_schema)

).cache()

result, result_agg = fc_util.logResults(df_train, result)
print("Logged results")

ctx = json.loads(dbutils.notebook.entry
base_conf_path - base_conf_path_check(ctx)
mlflow_conf_path - mlflow_conf_path_check(ctx)

Dhutils() .notebook( }-tadson())

input_path = '/dbfs’ + base_conf path + "/input. i
autput_path - '/dbfs' + base_conf_path + "/output.ini”
param_path = '/dbfs’ + base_conf path + "/param.ini"

tatal_region = 'europe’

roct_path_gold - base_conf_path.replace("/platinum/", "/gold/") + "/" + total_region
roct_path_platinum training - base_conf_path + ° + total_region
roct_path_platinum selection - base_conf_path + total_region
roct_path_platinum predictions - base_conf path + " + total_region
roct_path_platinum output - base_conf_path + " /output

roct_path_platinum evaluation = base_conf path + "/evaluation” + "
roct_path_m1flow - mlflow conf_path

fpredictions”
tatal_region
+ total_region

>

def clear_conf(canfPath):
path - confPath
dbutils. fs.rm(path, False)

def clear_sll_conf():
path - base_conf_path
dbutils.fs.rm(path + "/input.ini®,
dbutils.fs.rm(path + " /output. ini
dbutils.fs.rm(path < /param. i

def load_conf(confPath):

conf - configparsar .ConfigParsan()
exists - os.path. isfile(confPath)
1F exists:

#p - open(confPath,

conf. read_fila(fp)
elsa:

print("No config ile found - creating a new file")

)

return conf

def write_conf(confPath):

exists - os.path. isfile(confPath)
1F exists:

conf.urite(open(confPath, "u"))
elsa:

path - base_conf_path

dbutils. fs.medirs(path)

ook, COREPRtn. Ty
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Code Management & Testing

Code
Development

Model
training

Model Registry

Stage:

None

mlflow

DATA'Al SUMMIT

. Integration Deploy
Unit Tests | ( )
Tests pipelines

Model o
evaluation |C__p| Inference :)M

Stage: Stage:
Staging Production
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ML Monitoring

@)
@)
@)

Quality

Completeness
Data Types
Duplicates
Outliers

DATA'Al SUMMIT

€0

Drift

Change in

distribution
Change in
trend
Seasonal drift

Prediction
Accuracy

Accuracy of
the live
predictions
Comparison
with evaluation
accuracy
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Model Performance

Prediction Bias

Systematic
over or under
predicting

Feature
Importance

Changes in
feature
importance as
captured by
Shap
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Key Learnings

DATA'Al SUMMIT ©2024 Databricks Inc. — All rights reserved
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Key Business Learnings

Measure
improvements vs a
business process

10% reduction in MAPE,
100 hours in savings vs
manual forecast

&

DATA'Al SUMMIT

Work towards a
transparent and
explainable solution

Create trust and user
confidence to increase adoption
of solution

©2024 Databricks Inc. — All rights reserved

Invest more time in
understanding business
requirements

Work with a small stakeholder
team to fully scope out project,
PoC vs future releases

=
=
=
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Key Technical

Measure improvements
vs a benchmark

50% reduction in PoC
completion time

&

DATA'Al SUMMIT

Learnings

Build for change and with
maintenance in mind

To be able to balance together
with improvements and
innovation

©2024 Databricks Inc. — All rights reserved

Evaluate requirements
against effort and cost

Provide a transparent view on
time and cost to prioritise and
challenge based on Rol
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THANK YOU
Q & A
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