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Who even are you? W M s ©

BCG Wequity @ @ o sight

e /du-art/
« ML/Software Engineer - Contractor
« From Lisbon, based in Copenhagen (Thanks Anders!)

« Past: Strategy, Product Management, New Ventures,
Management Consulting

« T write code and solve problems end-to-end

« Ilike running a lot
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Today, we’ll talk about machine learning
from what I've seen out there

« How (I think) ML engineers should work
« 3 example problems from the wild
® “MLOpS”

* Learning

« Opinions

* Experiences
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Why So Many Data Science
Projects Fail to Deliver

Organizations can gain more business value from advanced analytics by
recognizing and overcoming five common obstacles.

Mayur P. Joshi, Ning Su, Robert D. Austin, and Anand K. Sundaram March 02, 2021

Reading Time: 14 min
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1| How I work
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“We need a model”

(you probably don’t)
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Don’t start with models, start with people

THIS 15 YOUR MACHINE LEARNING SYSTETM?

T —— « Define the business goal, and the success
PILE OF LINEAR ALGEBRA, THEN COLLECT met ri C
THE ANSLJERS ON THE OTHER SIDE.
WHAT IF THE ANSLERS ARE WRONG? .
) « This is real world (bad) data - not Kaggle:

JUST STIR THE PILE UNTIL .
THEY STPRT LOOKING RIGHT cr*p in, cr*p out

« Start with heuristics, and increase
complexity as needed

« Put it out there as fast as possible, then
iterate

duarteocarmo.com - @duarteocarmo DIS



Your goal is to apply research that
directly improves users’ experiences
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Incredible models are useless if not
shared with users

Best model != best solution for the
users/business (business metric)

Quick iterations guarantee you are solving
the right problem

We don’t spend too much time in the
basement (next slide)
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Don’t build in the basement
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You are makers at heart — and should
treat your schedules like it
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Minimize time in meetings and double down
on communication

Fridays = no meetings

We are on an emerging tech field, studying
IS important

We are builders of things, disruptions are
not welcome
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2 | Problems
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2.1 | Job title classification
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Job titles help you find the right people,
but we had 38 million

Database with 38 million titles (e.g., “accountant”, “developer ninja”)
Many ways to search for relevant people
Titles are not easy (e.g., “Product Manager”, “Customer Success Manager”, “Manager”)

Goal: Categorize job titles into buckets
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Most job titles appear millions of times in the
DB, we should spend time labelling them

* Not all titles are made equal
« Labelling top 2007?

« What can we do with not a lot of data?

eeeeeeeeeeeeeeeeeeee
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OREILLY’

Natural Language
Processing with
Transformers

New data point
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Figure 1: Making a lot with a Little
Credits: Lewis Tunstall, NLP with Transformers O'Reilly
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Figure 2: Nearest neighbour lookup
Credits: Lewis Tunstall, NLP with Transformers O’Reilly
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The model is important, but only part of
the machinery

Receive string

]

Clean text
(lowercase, non non
alpha, remove
numbers, double
spaces)

More than 1
char?
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o In international
Yeo X
replacement list?

Replace with
;o
“ english word
Get most similar
T
term in dict

NO

Similarity
above K?
w)

w

\
RETURN <
PREDICTIONS —~
A

NO - In English?

Replace every word
with synonyms
A

Run model with i
YES - ——»( Returns labels? NO = pecsyaoov
threshold K replacement?
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2.2 | B2B/B2C categorization
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"name’,

'alexa_rank’,

'city’,

'state’, 1200 -
'country’,

1 hql ,

'website’, 1000 -
'employees_on_linkedin’,

'followers’,

'founded’, 800 -
"industry’,

'linkedin_url’, 600 -
'overview’,

'ownership_type’,

'sic_codes’, 400 -
'size’,

'specialties’, 1
"total_funding’, 200

"technologies’, ._
'company_hubs’, 0 -

'events’, B2B B2B B2C B2C
'categories’,

|-typel
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To build a good classifier, you need to be
extra careful when defining the problem

Defining the type of problem (e.g., regression, classification, multi-class?)
So many wrong metrics to chose from
Edge cases? (e.g., firefighters, police departments, UNICEF)

How is it going to be used? (what is the cost of wrong?)
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2.3 | Company recommendations
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Helping sales teams find their ideal

customers

* Lead qualification is manual
« Lots of time spent qualifying

 How can we support this process?
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Company Name Description Potential Customer?
Novo Nordisk The Novo nordisk foun..
Facebook A social media.. X
Budweiser We are a bever..
Nike World leader in..
Google At Google, we're.. X
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First, a quick introduction to embeddings

)

"King' [0.67, -0.23, ...
"‘Queen” — [=1.36; ©0.29. ...
"Womon" > [-2.67, 0.83, ...
"Mon' [B U5 001
N\

King

“-Mman
Queen
> e
+woman
—

Word Em‘:eo(ohngs ﬂ

duarteocarmo.com - @duarteocarmo

@ Sentence Embe_o(o(]ngs
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There are a lot of ways to use
embeddings in real-world ML problems

Semantic Textual Similarity

"How old are you?" [0.3, 0.2, ..]

[06.2, 0.1, ..]
"My phone is good." Embed [0.9, 0.6, ..]

"What is your age?”

"How old are you?"

Confidence is a question
[6.3, 0.2, ..]
s i 0.2 0.1 ] (96%) "How old are you?"
"What is your age?” . . i
y g ' ' QueSt.'on (98%) "What is your age?"
"My phone is good." Embed (6.9, 0.6, ..] Classifier
: SR A S (7%) "My phone is good."
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Compomie,s n Spaqe @ Scoﬁng A new compoany
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Bonus, find what is wrong on this formula..



KNN can more contextual than a traditional binary

classifier

 Embeddings can be re-used - if well chosen
« Recommendations are interpretable

« We can weigh different factors

« Multilingual with unbalanced data

» Generally easier to deploy
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Company Name Most similar Rec Score
Budweiser [...N..]

Olx [...N...]

Unbabel [...N..]

Novo Nordisk [...N...] 0.001

LA Firefighters [...N..] —0.995

Most similar neighbors

Company score
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3| “MLOps”
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Sasheie | MACHINE LEARNING ENGINEBRING.
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Credits: ml-ops.org
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MLOps is not about adopting tools, it’s
about delivering value

* Gold Rush Age

- FOMO

* Spam emails

« Focus on tools

* 22% have put a model in production

« The real problem: Providing value.
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Number of ML/AI tools (cumulative)

2008 2009 2010

Credits: huyenchip.com



There are
essentially
3 different
types of
monitoring
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Logs/ Error mon?‘toring

(Openteleme‘try)

ML

Apphcoction

0o e

Request/
Response

Users
Devs.

@ Drft Movﬁ‘toﬁns

I npu’t/P rediction
Storage

(Bif,Que,n/)

(Bvident! y)

Reference/Train
Dataset

@ Business Repor'tim]

(Metabase/Slack)
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4 | Always be learning

duarteocarmo.com - @duarteocarmo DIS



First make it work, then make it pretty

O
o 0O

More ranting: duarteocarmo.com/blog/simple-software
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The bare minimum
Catching all exceptions
100% code coverage
That weird edge case
Do users care?

What NOT to write

DEE


https://duarteocarmo.com/blog/simple-software

When we start, we have superpowers

LN N
import
import
import
import
import
import
import

re
argparse
numpy
pandas
json
datetime
pathlib

vi similarity.py (vim)

from sparse_dot_topn import awesome_cossim_topn
from sklearn.feature_extraction.text import TfidfVectorizer

read_csv_file(filepath):

required_columns

fil
dat

nanm
ids

epath
aframe

(

["title", "id"]
pathlib.Path(filepath)
pandas.read_csv(filepath)

(dataframe))
¢

(required_columns) :

f"Make sure that the input csv files have the following columns: {required_columns} "

)

es - dataframe["title"]
dataframe["id"]

names,

ids

preprocess(string):

str

str
str
str

ing

(string)
remove_special_chars

ing = string.lower()
ing = string.strip()
ing = remove_special_chars.sub(" ", string).strip()

string

ngrams(string, n=3):
ing re.sub(r"[,-./1I\s", r"", string)
ams zip(+[string[i:]

str.
ngr

["".join(ngram)

ngram

re.compile("[*a-zA-Z0-9]+")

range(n)]1)
ngrams]

vectorize(reference, target, analyzer):

vec

tfidf_matrix_reference
tfidf_matrix_target

NORMAL VTR

duarteocarmo.com - @duarteocarmo

torizer

similarity.py

TfidfVectorizer(min_df=1, analyzer-=analyzer)
vectorizer.fit_transform(reference)
vectorizer.transform(target)

python

utf-8[unix] 7% 11/157 In : 1

Autocomplete
Google

Stack overflow
Nails everywhere
Pip install the world

But.. We forget quickly

D§



But there’s quite nothing like reading

pandas.DataFrame.dropna —p= X +

@ (&) https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.. [

pcmdas Getting started User Guide APl reference Development Release notes

g pandas.DataFrame.dropna  What does it do?

pandas.DataFrame.rtruediv

pandas.DataFrame.rfloordiv DataFrame.dropna(axis=08, how='any', thresh=None, subset=None, inplace=False)
pandas.DataFrame.rmod Remove missing values. [source]

.
das.DataF X

pandas-Latarramepow See the User Guide for more on which values are considered missing, and how to work with [ ] O t I O n S ’p

pandas.DataFrame.It missing data. *

pandas.DataFrame.gt

Parameters: axis : {0 or ‘index’, 1 or ‘columns’}, default 0
pandas.DataFrame.le

Determine if rows or columns which contain missing values are removed.
pandas.DataFrame.ge

.
« 0, or 'index’ : Drop rows which contain missing values. ° D f lt b h
pandas.DataFrame.ne « 1, or ‘columns’ : Drop columns which contain missing value. e a u e aV I O rs

pandas.DataFrame.eq

pandas.DataFrame.combine Changed in version 1.0.0: Pass tuple or list to drop on multiple axes.

pandas.DataFrame.combine_first Only a single axis is allowed. .

* Maybe I can re-use this
pandas.DataFrame.applymap how : {‘any; ‘all’}, default ‘any’

pandas.DataFrame.pipe Determine if row or column is removed from DataFrame, when we have at

least one NA or all NA.
pandas.DataFrame.agg

« ‘any’ : If any NA values are present, drop that row or column.

L]
pandas.DataFrame.aggregate « ‘all" : If all values are NA, drop that row or column. [ J It a‘ tually st I c ks

pandas.DataFrame.transform " ’
thresh : int, optional
pandas.DataFrame.groupby .
Require that many non-NA values.
pandas.DataFrame.rolling

subset : col label or

q of labels, opti
pandas.DataFrame.expanding

Labels along other axis to consider, e.g. if you are dropping rows these would
pandas.DataFrame.ewm . .

be a list of columns to include.
pandas.DataFrame.abs R

inplace : bool, default False

pandas.DataFrame.all &%

If True, do operation inplace and return None.
pandas.DataFrame.any

Returns: DataFrame or None

\ iandas.DataFrame.cHE /
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ML is our craft
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We should be masters of our craft

JULIEN DANIOU

f SCALING PYTHON
¢ StUdy \ ) t el

« Stay up-to-date R

* Lean regularly g"f';gv%thg SO

. Build things ~ i&ﬁﬁﬁé
* Give back and write S

PRACTICAL Al
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An OCD list of resources

Books Tutorials YouTube
Practices of the Python Pro Flask Mega-tutorial CodingTech
Hacker’s guide to scaling Python RealPython Sentdex

Designing Data-Intensive Stack Abuse Abhishek Thakur
Applications Kaggle + GitHub MLOPs Community

Serious Python

Podcasts News
Talk Python to Me PyCoder’s Weekly

Python Bytes Medium

Podcast. __init__ Awesome Python Weekly

Practical Al Reddit RSS
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Thank you, questions?
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