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What is this machine learning thing...



Machine Learning

Magic of our era!




Machine Learning

Magic of our era!
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Cyberpunk Style Mercedes Benz in Night City super realistic portrait of an Iranian model, little A blonde woman with elvish ears waring green
smile, rainy day, standing in crossway dress that has silver buttons puts flower hairpin
in her hairs sitting on a wooden chair inside of
wooden cottage.




Applications (Iran)
Digital Advertising
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Applications (lran)
Trade
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Applications (lran)

Product Search
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Applications (lran)

Navigation &7
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Applications (Iran)

Speech Processing
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Applications (lran)
Chat Bot
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Academia vs Industry



Academia Vs Industry
Money

Infrastructure



Academia Vs Industry

Team W '
ork, Communication (Maybe our Problem)

———————




“The only way to do
great work is to love
what you do. If you
haven't found it,
keep looking.
Don't settle.”

Academia Vs Indus

Priorities, Deadlines

- Steve Jobs
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Academia Vs Industry

Data Type, Volume

Label: 5 Label: 0 Label: 4 Label: 1 Label: 9

Ziwei Liu Ping Luo Xiaogang Wang Xiaoou Tang
Multimedia Laboratory, The Chinese University of Hong Kong

BIG/DATA

"sort_timestamp': 1634275259292,

"rating": 3.0,

"helpful_votes'": 0,

"title": "Meh",

"text": "These were lightweight and soft but much too small for my liking. I would have
preferred two of these together to make one loc. For that reason I will not be
repurchasing.",

"images": [

{
"small_image_url": "https://m.media-amazon.com/images/I/81FN4c@VHzL._SL256_.jpg",
"medium_image_url": "https://m.media—amazon.com/images/I/81FN4c@VHzL._SL800_.jpg",
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"large_image_url": "https://m.media-amazon.com/images/I/81FN4c@VHzL._SL1600_.jpg",
"attachment_type': "IMAGE"

Il

"asin": "B0@88SZDGXG",
"verified_purchase": true,

"parent_asin": "B@O8BBQ29N5",

"user_id": "AEYORY2AVPMCPDV57CE337YU5LXA"




Academia Vs Industry

Data Quality

statistics and

machine learning
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Academia Vs Industry

Infrastructure, Continuous Training

Some key facts about GPT-4:

Data ETL

Data
preprocessing

Model training

Total parameters — ~1.8 trillion (over 10x more than GPT-3)

Training data — Trained on a dataset of ~13 trillion tokens

Context length — Supports up to 32,000 tokens of context

\

Data
validation

Hyper-
parameter
optimization

Model registry

Architecture — Uses a mixture of experts (MoE) model to improve scalability

Training compute — Trained on ~25,000 Nvidia A100 GPUs over 90-100 days

Inference compute — Runs on clusters of 128 A100 GPUs for efficient deployment

Model Selection

Y

Y

V

Train/test split

Mode] Test

Model
validation

y

Y

Load data to
warehouse

Track
performance

Y

Stage transition

Publishing
(for databricks isolated
envs)

Mount shared
storage

A

Send artifacts to
storage

A

Track model in
prod

Model serving

Online inference

Batch inference

Running Large Language Models
(Llama 3) on Apple Silicon with
Apple’s MLX Framework

Step-by-Step Guide to Implement LLMs like Llama 3 Using Apple’s
MLX Framework on Apple Silicon (M1, M2, M3, M4)

Manuel - Follow
| 5minread - Juni10,2024

WHwee  Qf MO

3.2
peruser-finetune-train

3.0 peruser-finetune-validation

2.8

2.6

NLL

2.4
2.2
2.0
1.8

0 20 40 60 80 100
epoch




Academia Vs Industry

Solution Complexity
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Z38 Z3 06 ¢
- V £ Y Respel
1 10 100 1 10 100
Number of random search iterations Number of random search iterations Model Name Rossman CoverType Higgs Gas Eye Gesture
XGBoost 490.18 £ 1.19 3.13+£0.09 21.62+0.33 2.18+0.20 56.07+0.65 80.64 £ 0.80
Medium-sized datasets, with only numerical features NODE 488.59 £1.24 4.154£0.13 21.19%£0.69 2.17+£0.18 68.35+£0.66 92.12+0.82
DNF-Net 503.83 £1.41 3.96+0.11 23.68+0.83 1441009 6838+0.65 86.98+0.74
TabNet 485.12+1.93 3.01 £0.08 21.14:0.20 192+0.14 67.13+£0.69 96.42 + 0.87
ID-CNN 493.81 £223 351+4+0.13 2233+0.73 1.79+0.19 67.9+0.64 97.89+0.82
Simple Ensemble 488.57 = 2.14 3.19%0.18 2246038 236x0.13 58.721x0.67 89.45+0.89
Deep Ensemble w/o XGBoost  489.94 £2.09 3.524+0.10 22414054 198+0.13 69.28+0.62 93.50 £+ 0.75

1.0

Normalized R2 test score of best
model (on valid set) up to this iteration
[ =) o
> ~ : '

Normalized test accuracy of best
model (on valid set) up to this iteration

Model Name YearPrediction MSLR Epsilon Shrutime Blastchar _
XGBoost 7798 +0.11 55.4342e-2 11.1243e-2 13.82+0.19 20.39 = 0.21
NODE 76.39 +0.13 55.7213e-2 10.39+1e-2 14.61 =0.10 21.40 = 0.25
& DNEF-Net 81.21 £0.18 56.83+3e-2 12.2344e-2 16.8 £ 0.09 2791 £ 0.17
’ k TabNet 83.194+0.19 56.04%1e-2 11.9243e-2  14.944+,0.13  23.72+0.19
0.5 Reshet 1D-CNN 78.94+0.14 55.97%4e-2 11.08+6e-2 15.31 £0.16 24.68 = 0.22
1 10 100 4 10 100 Simple Ensemble 78.01 £ 0.17 55.4614e-2 11.07+4e-2 13.61+,0.14 21.18 £ 0.17
Number of random search iterations Number of random search iterations DCCP Ensemble w/o XGBOOS[ 78.99 4+ 0.11 5559i3c'2 l().93:tlc-2 14.69 £ 0.11 24.25 + (.22

Medium-sized datasets, with both numerical and categorical features

Deep Ensemble w XGBoost

Each column is a dataset. Better performances are highlighted with bold numbers.

485.33 = 1.29

2.99 +0.08

22.34 + 0.81

1.69 £ 0.10

99.43 £ 0.60

78.93 +0.73

Deep Ensemble w XGBoost

Each column is a dataset. Better performances are highlighted with bold numbers.

76.19 +0.21

55.3841e-2

11.1841e-2

13.10£0.15

20.18+0.16




True Positive Rate

Academia Vs Industry

Evaluation Metrics

Receiver operating characteristic example

1.0 - > PR
e mog = E(Y |1
e Doubly Robust
0.8 2
: / - . - -
7 Estimating ATE with Doubly Robust estimator:
7’
e
7’ n r ’ /o
0.6 - . o I I:Y; IT; —e(X;)t} . .
,’, ATEpr = -— — —{ — }IH|[_\,_)
/I ((\,) ((\I)
,/ =1 -
0.4 - ,/' Ui [ (T=T5) Y iT: —e(Xi)} . .o
,, w— e p—— 1 - —— IN“{.\,}
PR 1n | —é(X;) | —é(X;)
s g=] *
0.2 -~
ol Unbiased if either propensity score or regression model is correct
”
ot ROC curve (area = 0.79) This property is referred to as double robustness
0.0 . . . .
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Predicted values
True False
o IP
True True False Recall = Sensitivity = -
Positive (TP) | Negative (FN) IP+FN
S Type 1 Error
é False False True Negative o IN
& Specificity = ———
Positive (FP) (TN) IN+FP
Type 1 Error
TP+1N
Accuracy =
o TP+TN + FP+FN
Precision = P+ P Fl- 2 x Precision x Recall

Precision + Recall

B. Classification Model Results

m=EY|T=1,X)

(amon NVIDIA Corp

NASDAQ: NVDA

Market Summary > NVIDIA Corp

3.31 trillion uso

Market capitalization

134.80 uso

+86.63 (179.84%) 1 year to date

Closed: Mehr 20, 19:59 EDT -« Disclaimer
After hours 134.38 -0.42 (0.31%)

1D oD ™ 6M

140 48.17 USD Tue, 2 Jan
120

100

80

60

40
Ordibehesht 1403

Mkt cap 3.317
P/E ratio 63.31

Div yield 0.030%

Compare

Financials

Shahrivar 1403

CDP score
52-wk high
52-wk low

More about NVIDIA Corp -




Academia Vs Industry

Values, Blue or Red pill

= Google Scholar  Attention is all you need! n
® Articles
Any time [poF] Attention is all you need [PDF] hhu.de
Since 2024 A Vaswani - Advances in Neural Information Processing Systems, 2017 - user.phil.hhu.de
Since 2023 Attention is all you need Attention is all you need ...
Since 2020 vr Save 99 Cite Cited by 136701 Related articles 99

Custom range...
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Academia Vs Industry
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Scrum and Machine Learning




Positions

Machine Learning Roles

Data Scientist

L

| Business Data Analyst
Data Engineer Infrastructure



Scrum and ML

 View ML system as product is HARD.
 Maintaining Backlog is a Job.

* Finding Business Opportunities.

 Academic People do not pay attention to business.

e Intra-team Communications.

 Ego In academic people.

e Technical Product Manager (TPM).



Scrum and ML

 Sense of Progress.

e Fail-fast Mindset. | ﬁlAI(ES THE
DREAM WORK

* Pickup fights.

 Speed Control.

* Inter-team speed difference.
* Irrelevant tasks Issue.

 Means Start of The Day.

e Easily Could Break the Time Box.



?. : Debugging is twice as hard as writing
Cru m a n | ’ the code in the first place.

Therefore, If you write the code as
cleverly as possible, you are, by

definition, not smart enough to
debug it.

* Define DoDs are challenging in ML Systems. | p = auores

 Time Boxing Issues. (EDA, Increasing performance x%, debugging, ...)

 Data Driven Scrum Insights.

, Q Q
to breaR L
\/\O\'J b/w cr £y « '
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crum and ML

 Curse of Brilliant People.

 Performance Monitoring.

 Maintenance.

« POC in machine learning.

 Double checking core idea/implementation.
 Novel things estimation?

* It’s enough.

« Consider Buffer.



Scrum and ML

o Evaluation Metric of Sprint.
 You fire some one here.
« Excuses emerge here.

e Be strict on DoDs.
| HA\?EA’N IDEA:

G COETONRIIR TR

% YOUR FIIIEIII‘ i

makeameme.org




Scrum and ML

* If you do not seek team’s progress:
 Go to therapy.
 Leave.

e Successful Stories.



How to Success

As a Data Scientist

* | earn fundamentals by your heart.

* |ntuitively know what you do.

e Blend in teams.

» Not too aggressive, Not a potato. ¢ ““ Be the change you want
N N 2 to see in the world.”
* Be ambitious. e _ Not Gandti

* Be Multi-Dimensional. N Joseph fonsel

v formationist

e Work Ethics.




ANY QUESTIONS?
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