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In [19]: %%script php | ‘ I
<?php echo "Linull P “.s@val( 2

Linux Pratique™iumero 92

In [20]: %%html

<p ide"numero">Linux numero 92</p>

Linux Pratique numero 92

In [21]: %%javascript
element = document. entById("numero”)
element.style.color e’
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K-Means algorithm
Now we need to implement the k-means algorithm

Initialise centroid locations randomly
for some number of iterations:
foreach observation:
assign observation to closest centroid
foreach centroid:
calculate new centroid location
if converged:
break

Implement the k-means algorithm

Add an array to track the history of the positions of the centroids

In [37): np.random.seed(42)

k=3 # Number of centroids to find
n_itr = 100 # Number of iterations

mean, std = X.mean(axis=0), X.std(axis=0) # Instead of scaling the data
centroids = np.random.randn(k,2) # we move the centroids
centroids = centroids*std + mean # closer to the data

belong = np.zeros(len(X)) # To hold observation belongings

trace = np.zeros([3,2,0])

trace = np.dstack((trace, centroids)) # To store the history of the centroid
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In [43]: figure = plt.figure(figsize=(7.5, 5))
dendrogram(
linkage matrix,
truncate_mode='lastp', # show only the last p merged clusters
p=h, # Ihow only the last p merged clusters
leaf rotation=90.,
leaf font_size=12.,
show_contracted=True, # to get a distribution impression in truncated branches
)
plt.title('Hierarchical Clustering Dendrogram (Ward, aggrogated)')
plt.xlabel('sample index or (cluster size)')
plt.ylabel('distance')
plt.show()

Hierarchical Clustering Dendrogram (Ward, aggrogated)
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6 - Nearest Neighbours

This is a fun section. Nearest neighbours is a class of unsupervised algorithms to investigate data.
They rely on the premise that similar things are close together, in feature space.
Making this assumption, we can do some interesting things like:

* Recommendations
« Find similar stuff

But more crucially, they provide an insight into the character of the data.

This is really useful when you are given some data and you don't know what the goal is.

Loading the data

So, the data for this section is whiskey. We've already seen it in the presentation and | find it fun to work with.

It is analogous to serious datasets too; you could imagine that instead of features about the whiskey, they could be features about competitors products or about
customers.
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By Simone Giertz,
https: / /www.youtube.com /channel /UC3KEoMzNz8eYnwBC34RaKCQ
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Reactive
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This could be anything:

— a simple python model

— a theano—derivative model
— a Tensorflow model

— a spark executor
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Running Mesos/Kubernetes/other
with Spark/Yarn/etc. on
CPUs/GPUs/etc.

Ultimate flexibility.



As a valued Technology Radar subscriber, we’re also giving you exclusive early
access to the white paper, which explores these issues in detail.

You can visit www.thoughtworks.comy/seismicshits Jto learn more. And while you’re

there, don’t forget to register for updates, as we’ll be diving deeper into these critical
issues over the coming weeks and months.




O’ Business requirements

Specialist spirits franchise
Unique service: whiskey recommendations

Want to expand, but are limited by whiskey
experts

Require a flexible recommendations engine
Favourite whiskey in, recommendations out
Want to start off with a limited set, but want to add
more whiskies in the future



C)  Technical overview

gitlab.com/WinderResearch/WhiskeyPipe

Simple nearest-neighbour algorithm
Calculates the euclidian distance to a range of
whiskey tasting features (e.g. smokey, honey, toffee,
colour, etc.)
Picks five nearest whiskeys

Full continuous delivery pipeline
Jupyter notebook for initial analysis
Able to insert new data model into repository



https://gitlab.com/WinderResearch/WhiskeyPipe
https://gitlab.com/WinderResearch/WhiskeyPipe
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