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Building Al Systems with Metaflow
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NEW FURNITURE BEDDING BATH RUGS + WINDOWS LIGHTING DECOR + PILLOWS ORGANIZATION DINING + KITCHEN

Sectionals 2 0 1 4

Material

Cotton (27) . . u - Moie Dekalb Premium Leather 2- Dekalb Premium Leather 3-

Piece Chaise Sectional Piece Chaise Sectional
Cotton/Poly Bliss Down-Filled 2-Piece New New

Blend (27) Chaise Sectional
New Colors

Sectionals

Filter By:

Color

HENEE
..

Leather (4)
Linen Blend (31) SPECIAL $2,038 - $2,598 SPECIAL $3,653 SPECIAL $4,672
Other/Synthetic (9)

Performance Faux
Suede (35)

Microfiber (37)

See More

Price Range

$1000 - $1500 (3)

$1500 - $2000 (24)

$2000 - $3000 (37) Henry 3-Piece Sectional - Henry 3-Piece L-Shaped York 2-Piece Leather Chaise

T.eather Qertinnal - T.eather SQertinnal



Sectionals

D Quick ship: 1-5 weeks Configuration v Fabric v Seating capacity v Seat firmness v Color v Features v

bestseller

+ 31 more + 125 more - + 48 more

Laurent 2-Piece Wedge Chaise Sectional (111.5") Avalon Channeled 3-Piece L-Shaped Sectional (87'—122") Harmony Modular Motion Reclining 3-Piece Chaise Sectional (125")
Contract Grade $2,597 — $4,897 New
$2,399 — $2,999 $3,646 — $4996

Need design advice or

customer service help?




Is this what you had in mind?




Is this what you had in mind?

No, | want a pink sofa




Is this what you had in mind?
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Is this what you had in mind?

Let’s try leather




Is this what you had in mind?




Is this what you had in mind?

Artisan Bamboo Lamp
$749

Experience the essence of Laos' rich cultural heritage
and craftsmanship with our exquisite Artisan Bamboo
Lamp. Handcrafted with passion and skill, this unique
piece of art embodies the natural beauty and cultural
significance of bamboo in Laos.

Recommended by
Cristina Hunter
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and eraftsmanship with our exquisite Artisan Bamboo
Lamp. Handcrafted with passion and skill, this unique
picce of art embodies the natural beauty and culeural
significance of bamboo in Laos.
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Cristina Hunter

Influencer
Recsys

Image
Generator




Causal Marketing

Model

LTV
Estimate

Personalized
Discovery

Query LLM

Image
Generator

Object

Recognizer

Inventory
T Forecast

gi;isan Bamboo Lamp Descrl pt | on
LLM

Recommended b . .
“ Cristina Huntery Log |St|CS
Optimizer

Influencer
Recsys




Query LLM

Inventory

silerefling Forecast

LTV Deployment

Personalized
Estimate

Discovery

Versioning

Image

Description
Generator

LLM

Orchestration

Influencer

Logistics
Recsys

Compute Optimizer

Causal Marketing

Object
Model BEVE

Recognizer



) METAFLOW
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Data



from metaflow import FlowSpec, step, conda_base,

kubernetes, schedule

) METAFIOW

@conda_base(libraries={'scikit-learn’:
@trigger(event='data_updated’) <, :
class HelloFlow(FlowSpec):
@step
def start(self):
SOTLT X = T Moo oee et e
self.next(self.end)

@kubernetes(memory:64@@@) $0532909520993220029930902005339095.90500¢
@step :
def end(self):

Self.X += 14 .....................................................................................

print("Hello world! The value of x is", self.x)

if __name__ == '__main__"
HelloFlow()
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Let’s dissect an ML/Al-driven company of 2026
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Let’s dissect an ML/Al-driven company of 2026
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Let’s dissect an ML/Al-driven company of 2026

(so much more than just LLMSs)

LLMs Multimodal Hybrid Models Advanced Data & ML
Image Personalized Causal Marketing Logistics
ery LLM
e Generator Model Optimizer
Description Object Influencer LTV Inventory
LLM Recognizer Recsys Estimate Forecast
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Computational effort (log scale)

>

Low human effort High human effort
Low differentiation High differentiation




Computational effort (log scale)

Prompt engineering

>

Low human effort High human effort
Low differentiation High differentiation




+
Gemini
ANTHROP\C
@OpenAI
Use a model API

Computational effort (log scale)

Prompt engineering

>

Low human effort High human effort
Low differentiation High differentiation




NVIDIA NIM

Prebuilt container and Helm chart

N Industry standard APIs

Domain specific code —\—

Optimized inference engines

o

Support for custom models —

NVIDIA Al Enterprise —

Run a model
container

Use a model API

Computational effort (log scale)

Prompt engineering

Low human effort High human effort
Low differentiation High differentiation




Fine-tune/train
your own LLM

Run a model
container

Use a model API

Computational effort (log scale)

Prompt engineering

>

Low human effort High human effort
Low differentiation High differentiation



https://emojipedia.org/flexed-biceps
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@@ Fine-tune/train
your own LLM
@ Run a model

container
Use a model API

Computational effort (log scale)

Prompt engineering

>

Low human effort High human effort
Low differentiation High differentiation
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) METAFIOW
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LLMs

Fine-tune
your own

Metaflow
@metaflow_ray
@deepspeed
@tensorflow
@torchrun
@mpi
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Fine-tune/train
your own
multimodal model

Computational effort (log scale)

Run a model container

Use a model API

Low human effort High human effort
Low differentiation High differentiation
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Multi 12

M5.24X (tmpfs)

modal

Fast Data

Loading tables from S3 at lightning speed with

Train
your own

pyarrow and metaflow.s3

C4.2X (disk)
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Typical traditional ML workflow

Age Attrtion BusinessTravel  DalyRats Departm
41 | Yes Travel_Rarely 1102  Sales 1
49 | No Travel_Frequently 279 | Research & Development 8
37 | Yes Travel_Rarely 1373 Research & Development 2
33 | No Travel_Frequently 1392 Research & Development 3
27 | No Travel_Rarely 591  Research & Development 2
StrUCtured data 32 | No Travel_Frequently 1005 | Research & Development 2
59 | No Travel_Rarely 1324 Research & Development 3
? No Travel_Rarely 1358 . Research & Development 24
j No Travel_Frequently 216 . Research & Development 23
36 | No Travel_Rarely 1299  Research & Development 27
35 | No Travel_Rarely 809  Research & Development 16
29 | No Travel_Rarely 153 | Research & Development 15

l

matrix([[*1.0% "1.0% *1.0%: '1.0% '0.0%, "L1.0'; %0.0'; 1.0, *1.0%,
S0 5 C1E0M 10" Y0407 "1si0%e 100 "1s0" s 160 10"
'0.0', '0.0', '0.0', '0.0', '0.0', '0.0', '0.0', '0.0', 'l.0',
“1.0%, *1.0%, *0.0%, *1.0%7,
["160": "1:0% "1:0%% "1:0™ 140" "0:0"; "0+0"; "1:0'; “050";
0,07 ; L0, P07, Y1407 M0.0Y, Y1407, "1.0', 107, 1407,
'0.0', '0.0', '0.0', '0.0', '0.0', '0.0', '1.0', '0.0', 'l.0',
L0, 0%, 0.0% Y1090

Feature matrix

l
Train a model X GB oos t




rid structured + unstructured ML workflow

Age _Atitio _ DailyRate Department _ Distancef: e
41 Yes Travel_Rarely 1102 Sales 1 -l
T ; e
e : e
e e . =
e e :
uctu 2N Tty 1005 oo covepment : uctu
i e : e -
30 No Travel_Rarely 1358 Ressarch & Development 2 Voliend: of ordace, Piase know of ol L
= no e requently 218 .y ” = awesome fans like you, as soon as possible.
= - 5 o
| T ®
T e : : -
A\
matrix([['1.0', '1.0%, '1.0%, 1.0', '0.0", '1.0", '0.0", '1.0", '1.0", matrix((('l.0', '1.0', '1.0", '1.0', '0.0', '1.0', '0.0', '1.0', '1l.0',
1.0 1.0, 1.0%, '0.0%, '1.0%h '1.0%h '1.0%. '1.0', '1.0'. ‘1.0, '1.0', '1.0%, '0.0%, '1.0', '1.0', '1.0%, '1.0", '1.0", o
- 0.0, '0.0', '0.0", '0.0', '0.0") '0.0%) ‘0.0, '0.0', ‘1.0, ‘0.0, '0.0', '0.0', '0.0', '0.0', '0.0', '0.0°, '0.0', 'l.0°,
eature matrix mbeddings
.0, . '1.0%, '0.0%, '0.0", '1.0", '0.0", ['1.0°, 'L.0', '1.0°, 'L.0°, 'L.0", '0.0%, '1.0", '0.0°,
L ol0'. '1.0%, '1.0%, '1.0', ‘1.0t ‘0.0, ‘1.0, '1.0°, '1.0°, '0.0', “1.0%, ‘.07, “1.0°,
# . 10.0%, 10.0%, '1.0%, '0.0', '1.0%) '0.0', '0.0', 0.0, '0.0', '0.0', ‘1.0, '0.0', 'L.0',

matrix([['1.0', '1.0°, '1.0%, '1.0%, '0.0", '1.0', '0.0%, '1l.0%, 'L.0’,
'1.0°, '1.0°, 1.0°, '0.0', '1.0°, '1.0°, '1.0°, '1.0%, '1.0°,
'0.0', '0.0", '0.0°, '0.0', '0.0', '0.0°, ‘0.0, '0.0', '1.0,
['1.0%, '1.0%, 1.0°, "1.0°, '1,0%, '0.0°, 0.0, '1.0%, '0.0,
10.0', '1.0', '1.0°, '1.0', '0.0', '1.0", '1.0', '1.0', '1.0",
10.0', '0.0', '0.0', '0.0', '0.0', '0.0', '1.0°, '0.0', '1.0',
'1.0', '1.0', 0.0, '1.0'1],

Train a model X GBOOS t




Personalized

Discovery

Structured data 5% ., e _— | Unstructured data
Past purchases =: s o o ; B Social media activity
Browsing history |32 &z oz - wnenne || Product data
Demographic data a :m";i” = 2 . Reviews
2 No Travel_Rarely 153 Research & Development s ! | ot

LLM

A\
matrdx{[[ 107 *1:0%; *1.0% '1.0% '0.0" "', 0.0 "1.0°; *1.0%, matrix((('1.0', 'l.0', '1.0', 'L.0', '0.0', '1.0', '0.0", 'l.0', 'l.0',
ol Lo 1l0t, 100, t1.0th 1.0t '1.0', '1.0", '1.0%, '0.0°, '1.0", '1.0", '1.0", '1.0", '1.0', -
H 0.0', . 0.0'. '0.0%, '0.0%, '0.0', 'L.0') 6.0°, *0.0°, '0.0%; *0.0%, '0.5%, ‘0.0, 04, ‘&', “1.0°,
Feature matrix 3} Embeddings

o', » '1.0°, "0.0°, '0.0%, '1.0', '0.0°, ['1.0', '1.0', ‘1.0, '1.0°, '1.0', "0.0°, '1.0%, '0.0°,
0.0', » 0%, B, VLY, 0.0¢, 0%, ‘o.0', '0.0', '0.0', '0.0%, '0.0", ‘1.0%, '0.0", '1.0',

‘1.0, ‘1.0, '0.0', '1.0']], ‘1.0', '1.0', '0.0', '1.0']],

matrix([['1.0', '1.0°, '1.0%, '1.0%, '0.0", '1.0', '0.0%, '1l.0%, 'L.0’,

'1.0°, '1.0°, 1.0°, '0.0', '1.0°, '1.0°, '1.0°, '1.0%, '1.0°,
'0.0', '0.0", '0.0', '0.0', '0.0', '0.0", '0.0', '0.0'
['1.0%, '1.0%, 1.0°, "1.0°, '1,0%, '0.0°, 0.0, '1.0%, '0.0,
10.0', '1.0', '1.0°, '1.0', '0.0', '1.0", '1.0', '1.0', '1.0",
10.0', '0.0', '0.0', '0.0', '0.0', '0.0', '1.0°, '0.0', '1.0',
'1.0', '1.0', 0.0, '1.0'1],

Train a model X GBOOS t
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Advanced Data & ML




Advanced
Data & ML

The world is getting increasingly sophisticated behind the scenes! &

Building the World’s Leading
Verification Platform for Soil-Based
Carbon Removal with Metaflow and
AWS Step Functions

METAFLOW

® perennial

),

Building a Modern Power Company
using Data Science and Metaflow:
Equilibrium Energy

METAFILOW

Revolutionizing Healthcare Machine
Learning with Metaflow at Prolaio

METAFIOW

(O prolaio

>
NIRVANA

Telematics with Metaflow: How
Nirvana Insurance Built a Large-Scale
Risk Estimation Platform

METAFLOW




Advanced
ramp £  Engineering Home We're hiring!
Data & ML " (]

How Ramp Accelerated
Machine Learning
Development to Simplify
Finance

| ) METAFLOW
Rapid local Test easily Robust Track & log
prototyping at scale deployments everything

X

python flow.py python flow.py python flow.py task.data.artifact
run run -with batch step-functions create task.stdout




Advanced
Data & ML

Supporting Diverse ML Systems at
Netflix

‘ Netflix Technology Blog - Follow
. Published in Netflix TechBlog - 12 minread - Mar7,2024
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Advanced
Data & ML

Supporting Diverse ML Systems at

Netflix
.. Netflix Technolcfgy Blog - Follow d/ed dat
, as tg ck
AWS S3
|CEBERG“ %y Parquet
Fast data |
metaflow.Table

MetaflowDataFrame | J
=T
a | B
|:;| pandas il polars Giistom G+




Advanced Top challenges

Data & ML @ METAFLOW

Modeling
Deployment
Versioning
Orchestration
Compute

Data



Summary



Towards the ML/Al-powered future %’

Embed ML&AI everywhere
ML&AI is not an island

Some deployments are tricky

ML&AI is surrounded by code
From notebooks to workflows

Composable ML/AI systems

All data matters
Unbundled data stack

Governance matters

Modeling

Deployments &

Integrations

Versioning &
Observability

Systems &
Orchestration

Compute

Foundation models for all
Increasingly sophisticated ML

Models for all data

Data lineage matters more
Tracking big models matters more

Rapid iterations remain a must

Compute is exploding
Compute is getting fragmented

Compute is getting smarter



Build delightfully human-centric Al-powered experiences #&

Image Personalized Causal Marketing Logistics
Description Object Influencer LTV Inventory
LLM Recognizer Recsys Estimate Forecast

Deployment Orchestration

) METAFLOW

on top of a robust foundation



Thank youl!

See you at the Metaflow community Slack!
http://slack.outerbounds.co




