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About Vast

Data and analytics for considered purchases (vehicles, homes, ...)

Full — Stack Analytics

Insight Layer . White Label Marketplaces, Market Reports,
(Domain specific applications, Actionable Insights) SaleS Ap pS

Pricing, Supply, Demand,
(Statistical models, Algorithms, Machine Learning) Recommendations BehaVior

Analytics Layer

(Hadoop, NoSQL, Analytics Databases) Inventory (rapid churn), Consumer Behavior

Graphic: Chip Hazard (Flybridge Capital Partners)
http://www.kdnuggets.com/2014/05/stacking-deck-next-wave-opportunity-big-data.htmi




Maturity levels for turning "models”
into "products”

1. Can we deploy one model into a production
environment?

2. Given two models that perform similar
functions can we evaluate which is better?

3. Can we operationalize model training?



Goals for Mature Data Products

New version of a model automatically

e trained
e deployed
e evaluated

Traffic automatically routed to top performer



Outline for this talk

1. Can we deploy one model into a production

environment?
2. Given two models that perform similar
functions can we evaluate which is better?



Deploying models is hard

Conway's Law helps to explain why

Organizations which design systems ... are
constrained to produce designs which are
copies of the communication structures of

these organizations


http://en.wikipedia.org/wiki/Organizational_structure

Vast has put together
a Data Science team
that thinks about
training and validating
models, running
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Models don't exist
In 1solation.

Add value when
exposed in a product.

108 PM

2013 Hyundai Elantra

#P22818 - Updated today at 7:10 AM - Located at Future Nissan of Roseville

$16,998 * 66,464 Miles




Models don't exist
In 1solation.

Add value when
exposed as a product.

POSTMAN
Normal @ ad
significant features (dynamic)
accord-2005-80k
http://betaanalytics1:8080/price/1/auto/listing-price-prediction POST v @ URL params @ Headers (0)

form-data x-www-form-urlencoded raw binary

{"listing":{"recordId":"sample-record-
id","city":"Austin","state":"TX","county":"Travis","zipCode":"787@1", "region”:"WSC","dma":635,"longitude":-9
7.7426,"latitude":30.2713, "features”:"Air Conditioning, Anti-lock Brakes, Front Airbags (Driver), OnStar
Communication System, Power Sun/Moonroof, CD (Multi Disc), Heated Seats, Handsfree/Bluetooth Integration,

","mileage" :80000.0, "condition":"Used", "bodyStyle":"Sedan","trans
1":"Gasoline","driveType":"2WD", "carfax":false, "color":"Black”, "exteriorColor"”:"Bla

"Automatic
alse,"eng
neOwner":false,"vi
:false}}

:"1HGCP3F72CA@R4601", "sellerComments"” :false, "hasTrackedPhone":false, "internallySo

m Save Preview Pre-request script Tests Add to collection -

Body | Cook ; 200K

s0ms

Pretty Raw  Preview () Q =t JSON ~ " Copy

price: 11207.43755
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Communication barriers - :

2013 Hyundai Elantra

5%

#P22818 - Updated today at 7:10 AM - Located at Future Nissan of Roseville

$16,998 * 66,464 Miles

v ﬂ’\ -

20000
1

o
(=3
S 4
w
o
(=3
S 4
o
POSTMAN
o ormat . L EE -
o
o
© [ ] ] [ ]

it /etaanaiyics1 8080/price/autolising-price- prediction POST 4 GURLparams

formdata xwwwformurlencoded | raw | binary
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price: 11207.43755275684



predictedPrice

Simplified Problem

Expose models as services
internal apps and external
customers can access.
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4 Back 2013 Hyundai Elantra

#P22818 - Updated today at 7:10 AM - Located at Future Nissan of Rosaville
$16,998 * 66,464 Miles

% Will Sell Soon Sun/Moonroof M+ Sateliite Radio
& Popular
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POSTMAN

Normal w o ® o

POST 4| GURLparams G Headers(0)

form-urlencoded | raw | binary

§sPricolonerad®true, “advertiser
Leage":000.9, "¢ Ui
e 2MD"  ~car o -

soor XD o @Hem

Prety | Rw  Proview W Qg ssove M copy

price: 11207.43755275684
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GET /insight/3/auto/listing-insight-lockup/search
GET /insight/3/auto/listing-insight-lockup/inventory
GET /insight/3/auto/listing-insight-lockup

Isimilarity

POST [/similarity/1/auto/similar-criteria

POST /similarity/1/auto/score-listings

POST /similarity/1/auto/similar-listings/search

POST /similarity/1/auto/similar-listings/inventol

POST /similarity/1/auto/similar-listings

POST  /similarity/1/re/similar-criteria

POST /similarity/1/re/score-listings

(Statistical models, Algorithms, Machine Learning) rooy Smiadtyilro/silarEstinga/soarch
Isimilarity/1/re/similar-listings

Isupply
POST  /supply/1/autollisting-supply

/demand

POST /demand/1/autollisting-demand

POST /demand/1/auto/listing-demand-drivers

GET /demand/1/auto/listing-demand-drivers-lookup/search
GET /demand/1/auto/listing-demand-drivers-lookup/inventory
GET /demand/1/auto/listing-demand-drivers-lookup

Iprice

POST /price/1/autollisting-price-drivers
GET /price/1/auto/listing-price-drivers-lookup/search
GET /price/1/auto/listing-price-drivers-lookup/inventory
. GET /price/1/auto/listing-price-drivers-lookup

POST /price/1/autollisting-price-prediction

D ata S C I e n Ce a n d GET /price/1/auto/listing-price-prediction-lookup/search
GET /price/1/auto/listing-price-prediction-lookup/inventory
GET /price/1/auto/listing-price-predicticn-lookup

Engineering collaborate e

. . GET /market/1/autollisting-statistics-bsprisearch
I A I L GET /market/1/auto/listing-statistics-bspr/inventory
O u I n a y I CS a ye r GET /market/1/autol/listing-statistics-bspr
GET /market/1/auto/lead-statistics-bspr/search
GET /market/1/auto/lead-statistics-bspr/inventory

GET /market/1/auto/lead-statistics-bspr
GET /market/1/auto/lead-statistics-mm/search

~rr
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POST /price/1/autol/listing-price-drivers

Retrieve price drivers for the auto listing in the POST body.

Query Parameters

modelName . I
(optional) the name of the analytical model to be used [defaulit] '::ﬂ;,""'m:l:"
includeModelContext Seatures: Ak kes, Front Airbags (Driver), em, Power Sun/Moonrect, CO (Ml
(optional) whether or not to include model context in the response [true, false] Heated Seacs, H tion, Halogen Headtigh b Teacsion/Stabliky Control, Werraaty,
Ca“erld :I(ul\—d ;“;:'ll\ vy emiom Wheels, Keyless Entry™,
(optional) a user-friendly identifier for the originating application FNewtisting true.
partnerid -‘:'ri:-llo-w:tad ::.:—, )
(optional) a user-friendly identifier for the originating partner . Seioc 20000, ’ g
Samples
model: “Accord”,

jrmm—

Request JSSON
Response JSON

analytics-service-server-5.8.0-86652

featureName: “Wheel Type™,
SeatureValoe: “Premicen”
BaselineValoe: "Alloy™,
SeaturePrice: 671

featureName: “Na i
fSeaturePrice: 258 45

System®,

482595

featureName: “Exterior Color™,
SeatureVatoe: “Black”,
SeaturePrice: 0




Exposing Models as Services

LCLaaalylitd 1. OUOU/ UULD/ PPIILE/ 4/ QULU/ HDUTY = 1 IS Ul Iver D

POST /price/1/autollisting-price-drivers

| } |
m m n I I n Retrieve price drivers for the auto listing in the POST body.
Query Parameters

modelName
(optional) the name of the analytical model to be used [default]

includeModelContext
C a e n g e S e We e n (optional) whether or not to include model context in the response [true, false]
callerid

(optional) a user-friendly identifier for the originating application
partnerid
(optional) a user-friendly identifier for the originating partner

scientists and engineers =~

Response JSON

concepts
e Technology platforms



Communication between Humans

Looking for common ground between

Data Scientists Engineers thinking
thinking about about Scalability,
Experiments, Deployment,
Training and Reliability, and

Validation Monitoring



Technology Platforms

POSTMAN

Normal Aut 0 1.0 | OAut

1 th 2 ® nent
significant features (dynamic)
accord-2005-80k
http: 8080/price/1. P { POST : @ URL params. @ Headers (0)
form-data  x-www-form-urlencoded ~ raw  binary ot
{“listin ecordId" : "sample-record

unty

id”,“city’ tin”, “state”: "TX","co Travis®,"zipCode":"78701", "region”: "WSC", "dma":635, " longi tude”
7.7426, *latitude":38.2713, "features” :"Air Conditioning, Anti-lock Brakes, Front Airbags (Driver), Onstar
Communication System, Power Sun/Moonroof, CO (Multi Disc), Heated Seats, Handsfree/Bluetooth Integration,
Halogen Headlights, Front Side A! river), Traction/Stability Control, Warranty, Heated Seats,
Navigation System, Premiun Wheels, Keyless

irbags

isPriceLowered” :true, "advertiser”: “rover.ebay.con”, "yea:
,“mileage” :80000.0, "condition": "U: b

r":2005
trin®: "E 2 q
ne”, “driveType":“24D", “carfax": false, "color

ed”, "bodyStyle” : "Sedan", "trans
Black” forColor": "Bla

"1HGCP3F72CAB04601" , "sellerConments” : false, "hasTrackedPhone" :false, "internallySo

Back-end engineering S .

Pretty Raw  Pre

e Typically JVM (Scala)

e Apps and other platforms can call JSON
over HTTP services

L} Q Json- M

Copy




Technology Platforms
| o S A -

Data Science: "Use the most comfortable tool
for the job."

e Typically Python (sklearn) or R for models
trained on inventory (millions of rows)

e Hadoop (scalding or streaming) when
working with user behavior, systems exhaust



Most comfortable tool for the job

DS team started CS PhD-heavy, DIY mindset

Growth from MS in Business Analytics program

e Strong stats background, productive in R
e Different hiring standards than back end
engineering



Expectations for MS in Business Analytics

We're learning to push "Data Janitor" work onto
engineering team.

Assuming MSBAs take clean data in, and
produce models.

Those models need to become products, but
MSBAs don't need to write production scala.



=S cala

Answers from Vast in chronological order

1. Rewrite scoring function for JVM
2. Export as PMML

3. Expose as JSON over HTTP or WebSockets
from Python or R




1.

Rewriting Scoring Function

Pro CO"_ |
e DevOps is a freebie °® F|rsc’: \1§r3|on ofq
o Additional model is expens'lve
implementations of > Backto Conway's
an interface can be law - difficult
communication
cheap

e Worry about
transcription errors



1. Rewriting Scoring Function

Best Practice

Scientist writes code to generate some model
representation.

Engineer writes code to read model and score
live data; Exposes that code as service.



2. Export as PMML

Pro Con
e Cheaper, easier e Limited to doing
than rewrite things that can be
o Scientist generates expressed in
PMML PMML

o Engineerplugs inoff ¢ Jumped through

the shelf r.unner hoops for feature
e DevOps still free transformations



PMML Example: Auto Pricing Model

Training: split according to domain knowledge

e (make, model)
e (age, location)
e (completeness of data)

LASSO on each group

e Predicts total price
e Decomposes price by features



Auto Pricing Model

One PMML Decision Tree

per make, model

e [nternal nodes from

manual splits
e ~500 leaf nodes. Each is
a regression model.




2009 Honda CR-V EXL

* Vitals il Market Insights @ Road Report M. Fed

ill Market Insights

w, Heated Seats 1y Automatic
about $200 more Popular Featurd
Added value of about $200 above vehicles without this feature. Online car shopp¢

Premium Sound System CD (Multi Dij

Py B
about $150 more < Popular Featurd
Added value of about $150 above vehicles without this feature. Online car shoppg
One Owner Crystal Blac

about 550 more

Popular Featurd

Added value of about $50 above vehicles without this feature. Online car shoppg




3. Expose as JSON over HTTP

Pro =

e Everyone speaks in =
their native tongue

e More natural data  Con
xform than PMML e Dev/Ops needs to

e automate this: yhat, harden something
Wolfram, Azure new



array

itemgetter

Yhat, YhatModel . prepr

eModel (YhatMo«

11,
i(datal
array(
= array(
weights /= ights
weights. cunsun ()
result { values|

wh, v8, wl, vl zip(cs,

results):

(w8 >=
results
(
(wh <
results|
(W9 >=
resul ts|

(w8 <
results(
(w8 >=
results|

__Name__ ==
yh = Yhat (USERNAME, API_KEY,

result = yh.deploy(

values|

ve

Weighte

wl,

)

vl)

4 lines of boilerplate to
wrap python code in
YhatModel

2 more lines to
deploy model
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yh atl ScienceOps
Home / WeightedPercentileModel

WeightedPercentileModel

Stage Version Language Last Updated On

Fri, Oct 03 2014 18:51:24 UTC

Staging 1e89e2a python

Production 1e89e2a python

Versions Scoring Environment Variables Logs Settings

Consuming Your Model Input / Output Batch Scoring

REST

http://yhat.oak.vast.com/levy/models/WeightedPercentileModel/

$ curl -X POST -H "Content-Type: application/json" \
--user levy:2tafe8awd9974afafe8ad59ff9ab9528 \
--data '{"your data": "goes here"}' \
http://yhat.oak.vast.com/levy/models/WeightedPercentileModel/

Websockets

Model Upload

Fri, Oct 03 2014 18:51:24 UTC

Docs

Status

Logout
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yhat ScienceOps Model Upload Docs  Logout

Home / WeightedPercentileModel

WeightedPercentileModel

Stage Version Language Last Updated On Status
Staging 1e89e2a python Fri, Oct 032014 18:51:24 UTC ~ EID
Production 1e89e2a python Fri, Oct 032014 18:51:24 UTC ~ EID

Versions Scoring Environment Variables Logs Settings

Consuming Your Model Input / Output Batch Scoring

Example Input Example Output
{ {
"data™ [ "yhat_model": "WeightedPercentileModel",
{ "yhat_id": "c14b5b73-ffal-4ble-b6cd-bab82edcac84”,
"weight": 1, "result": {
"value™: 100 "25": 50,
}, "59": 50,
{ "75": 50,
"weight": 10, "100": 100,
"value": 50 "00": @

12 }




POSTMAN

Normal asic Auth sest Auth OAuth 1 OA

QWeightedPercentile (yhat)

Nlevy:2b56390ad56390&8ac

form-data x-www-form-urlencoded raw binary

ht":0.96384641
3.8117322783366719
0.36735522447981456, "va
©.34894239746165184, "va
8.2799189688
.22087505350
.@7914345998249789, “va
.@4871033094867877,"
.017230320404340235, "
.885266955331306920
.eoees 470234679875,
.000028668224180362154,

8112476,

COOPOOD

Pretty Raw  Preview = n

*yhat_model*: *"WeightedPercentileModel®,
‘yhat_id": "82cd0c12-bace-45d3-beab-302548f5688b",

100": 829000,
00°: 625000

<)

feBas28@yhat.oak.vast.com/levy/models/WeightedPercentileModel/

POST $ & URL params & Header

114567549264
1@.7782095811514492, " 1
.3591212057162713,
.32208954652827454,"va
.27718127318565605,™
.1113160889434617,
@7077696285743376,
.028436383592821027
18.080779477949016
.082096572578774384
0.00002943655887739

699000},
72990@},
500

OO0

»
3

31,

Add to collection

Copy

Deployed model
exists as a service,
could be integrated
Into apps

Our engineers wrap it
In another service
layer so they can
control authentication,

logging, ...



RARE
Sunroom

Few houses like this one have
this amenity.

Comparisons
I‘ 3 BEDROOMS

Average

This residential has a typical
number of bedrooms as
compared to similar
properties.

9% SMALLER
Below Average Sqft

This residential's square
footage is 9% smaller than
similar properties.

5:19 PM

1727 COLQUITT, HOUSTON, TX 77098

RARE

Playground

Few houses like this one have
this amenity.

18% HIGHER
Above Average Price/
Sqft

This residential's price/sqft is
18% higher than similar
properties.

10% MORE EXPENSIVE
Above Average Price

This residential is 10% more
expensive than similar
properties.

Comparing to:

*
»

“ 50% W}

A Bookmark

Similar Homes v

AVERAGE
Average Lot Size

This residential's lot has a
typical size.

3 BATHROOMS

Average

This residential has a typical
number of bathrooms as
compared to similar
properties.




Deployment Recommendations

New Projects: yhat from the start

Existing Projects: Tempting to continue using
PMML or Rewrite

e \Want to deploy from python / R as soon as
you want to do something new
e But then someone has to support both

Better to deploy directly from training code



Deployment Recommendations

Always name your models. Allow multiple

models that perform the same function to
coexist.

e Sometimes want different customers on
different instances of the model
o trained on public data only

o trained on public data + proprietary from customer X
e Allows competition



Outline for this talk

1. Can we deploy one model into a production

environment?
2. Given two models that perform similar
functions can we evaluate which is better?



Three types of evaluation

Depending on the nature of the model use

w N

. Direct evaluation against ground truth

ndirect evaluation against business metrics

Human judgment



Evaluating price predictions against
ground truth

Vehicle listings come off the feed with a price.

Given a choice between two models, choose
the one that minimizes mean absolute error.



Direct Evaluation Environment

B

Summary of
global
measures =

Residual
graphs
Drill-down e Drill-down

graphs



Outliers (w/mileage)

Date/VIN

Error

201409084
INXBRI2EOIZ103371

5639

201409074
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S438

01400084
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21
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a6l
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4343

2014.09.09.4
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4224
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411

)14-09-10-4
sY AEPO33014

4095

201400004,
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4070
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4034
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3899

014-09-10-4

ZLIBRVECECE2TTI6

1866

201409094

~ r SEC 13D

am

2014.09:10.4.
SYFBURHEAERO10613

-3689

014-09-10-4

ITDRRI2ENA006$495

3589

2014.00.00.4.

SYFBURHEAERO16182 |°

:'I 1 [?'l OR -4
211BUSEETRC612622

3449

2014.09.07.4
SYFRUAEEADPI21621

3430

201409094

3360

201509094
SYFBURHEQEPQSEETS

09.09.4

014 4
SYFBURHEOEPOI 3005 |”

201400084
2TIBUAEESBCT41286

201409074
SYFRUSEFODP1S7546

Eral

2014.09.07.4
SYFRUMEEADP1SAS06

kradl

201409104
FTIBURME

JEC208102

nn

014.09.07.4

2TIBUSEEARCA00

3162

201409084
2TIBURHEIEC1S0103

3126

Links to upstream data for outliers

Allows manual investigation
e |s the model to blame for the outlier?
e [s the data garbage?



Indirect Evaluation

Recommendations on

details page

e Can't measure
relevance or quality

e (Conversion rate is
important to
business

* Guest Accommodations: 0
e Pool Y/N: O

e Fence: Partia

e Sprinkler System: O

e View: No View

sability Features: O e Weaterfront Y/N: 0

g e Taxes: 1164200
torior Features Private o “

nstruction:

undation: =

B TG Gus now

You may also be interested in
these homes:

3003 Birdwood Circle, Austin, TX 78704

$385,000 IDX

4013 Clawson Road, Austin, TX 78704

$550,000 DX

1501 Barton Springs Road Unit 105, Austin, TX
78704

$419,000 1IDX

2113 Thornton Road, Austin, TX 78704

<Zag' $545,000 IDX

"l a




Test Summary

Test: recom_homes
Publisher:
Start Date: 2013-12-20
Total Uniques: 1746503
% Users: 0%
Uniques
Variant % Alloc Uniques
default 0% 664093
main_body 0% 547809
right_rail 0% 534601
Unique Conversion
Variant Value %-Change P-Value
default 1.01%
main_body 1.08% 6.69% .0001
right_rail 1.09% 7.99% .0000
Total Conversion
Variant Value %-Change P-Value
default 1.44%

s
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€000

100,0%

100.0%

100.0%

Zosamthendiobial [ =

Unique

Conversion

=

-
Total Leads per $ per Lead
Y Iniq Click

Page V $ per Paid e Vi

Conve Unique

Unique

default & main_body ® right_rail

Uniques Uniques Aggregate
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2014101715 2014/03/02 2014704717 2014/06/01 2014/07/17 2013/11/30 2014/01/15 W014/03/02 2014/04,
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Human Judgment

Sort in early versions of HomeStory

Can't measure "relevance”

Cold start: Not enough traffic to
optimize conversion rate yet
Best we can do is "not
embarrassing”

Be good enough to attract traffic,
set up future experiments

OOOOOOO

aaaaaaaaaa
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64,86,35,1.7976931348623157E308, "2686261392602763883" , "1FMCUBD71AKDA8R14", "Ford", "Esc
64,86,36,1.7976931348623157E£308, "'2686261392602763083", " 1FMCUBD71AKDA8R14" , "Ford", “Esc
64,86,37,1.7976931348623157E308, "'2686261392602763083", " 1FMCUBD71AKDA8R14" , "Ford", "Esc
64,86,38,1.7976931348623157E308, "'2686261392602763883" , " 1FMCUBD71AKDA8B14" , "Ford", "Esc
64,86,39,1.7976931348623157E308,"'2686261392602763883", " 1FMCUBD71AKDA8B14" , "Ford", "Esc
64,86,40,1.7976931348623157E308,"2686261392602763883", " 1FMCUBD71AKDABO14" , "Ford", "Esc
64,86,41,1.7976931348623157E308,"2686261392602763883", " 1FMCUBD71AKDABO14", "Ford", "Esc¢
64,86,42,1.7976931348623157E£308, "'2686261392602763083", "1FMCUBD71AKDABO14" , "Ford", "Esc
64,86,43,1.7976931348623157E308,"2686261392602763883", "1FMCUBD71AKDA8014", "Ford" , "Esc
64,86,44,1.7976931348623157€E308,"2686261392602763883" , "1FMCUBD71AKDABO14", "Ford", "Esc
64,86,45,1.7976931348623157€E308,"2686261392602763883" , "1FMCUBD71AKDABO14", "Ford", "Esc
64,86,46,1.7976931348623157E308, "'2686261392602763083" , "1FMCUBD71AKDABO14" , "Ford", “Esc¢
64,86,47,1.7976931348623157E308, "'2686261392602763083", "1FMCUBD71AKDA8R14" , "Ford", "Esc
64,86,48,1.7976931348623157E308,'2686261392602763883" , "1FMCUBD71AKDA8014", "Ford", "Esc
64,86,49,1.7976931348623157E308, "'2686261392602763883" , "1FMCUBD71AKDA8R14" , "Ford", "Esc
64,86,50,1.7976931348623157E308, "'2686261392602763083", " 1FMCUBD71AKDA8R14" , "Ford", "Esc
64,86,51,1.7976931348623157£308, "'26862613926027630883", "1FMCUBD71AKDA8R14" , "Ford", "Est

5437
5438
5439
5440
5441
5442
5443
5444
5445
5446
5447
5448
5449
5450
5451
5452
5453
5454
5455
5456
5457
5458
5459
5460
5461
5462
5463
5464
5465
5466
5467
5468
5469
5470

64,86,18,699.0506405331621,"2686261392602763083" , " 1FMCUGD71AKDR80]
64,86,19,699.0506405331621,"2686261392602763083" , " 1FMCUGD71AKDO88]
64,86,208,1013.8709077038949,"2686261392602763883" , " 1FMCUBD7 1AKD@BE
64,86,21,1031.9178585849322,"2686261392602763083" , "' 1FMCUBD7 1AKDA8E
64,86,22,1050.016641,"2686261392602763083", " 1FMCUBD71AKD@BB14", "Fc
64,86,23,1050.016641,"2686261392602763083" , " 1FMCUBD71AKD@BB14", "'Fc
64,86,24,1950.016641,"2686261392602763083" , " 1FMCURD71AKD@8B14", ""Fc
64,86,25,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD28E
64,86,26,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD@8E
64,86,27,1064.7671656122645,"2686261392602763083", " 1FMCUBD71AKDB8E
64,86,28,1064.7671656122645,"2686261392602763083", " 1FMCUBD71AKDBBE
64,86,29,1064.7671656122645,"2686261392602763883" , " 1FMCUBD7 1AKD@8E
64,86,308,1064.7671656122645,"2686261392602763883" , " 1FMCUBD7 1AKD@8E
64,86,31,1064.7671656122645,"2686261392602763883" , "' 1FMCUBD7 1AKD@8E
64,86,32,1064.7671656122645,"2686261392602763883" , "' 1FMCUBD7 1AKD@8E
64,86,33,1064.7671656122645,"2686261392602763883" , " 1FMCUBD7 1AKD@8E
64,86,34,1064.7671656122645,"2686261392602763883" , " 1FMCUBD7 1AKD@8E
64,86,35,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD28E
64,86,36,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD28E
64,86,37,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD28E
64,86,38,1064.7671656122645,"2686261392602763083" , " 1FMCUBD7 1AKD28E
64,86,39,1064.8478650181085,"2686261392602763083", " 1FMCUBD71AKD28E
64,86,49,1064.8478650181085,"2686261392602763083", " 1FMCUBD71AKDBBE
64,86,41,1064.8478650181085,"2686261392602763083","1FMCUBD71AKDBBE
64,86,42,1064.8478650181085,"2686261392602763883", " 1FMCUBD71AKDBBE
64,86,43,1078.569025,"2686261392602763083" , " 1FMCUBD71AKD@8O14", "Fc
64,86,44,1078.569025,"2686261392602763083" , " 1FMCUBD71AKD@BB14", ""Fc
64,86,45,1078.569025,"2686261392602763083" , " 1FMCUBD71AKD@BB14", ""Fc
64,86,46,10878.569025,"2686261392602763083" , " 1FMCUBD71AKD@BB14", ""Fc
64,86,47,1078.569025,"2686261392602763083" , " 1FMCUBD71AKD@BB14", ""Fc
64,86,48,10978.569025,"2686261392602763083" , " 1FMCUBD71AKD@8B14", ""Fc
64,86,49,19878.569025,"2686261392602763083" , " 1FMCURD71AKD@BB14" , "Fc
64,86,59,10878.569025,"2686261392602763083" , " 1FMCURD71AKD@8BR14" , ""Fc
64,86,51,1978.569025,"2686261392602763083" , " 1FMCURD71AKD@8B14", ""Fc

We use tools for bulk side-by-side comparisons.



Evaluation Recommendations

Do as much as you can

e Direct evaluation against truth
e Indirect evaluation against business metrics
e Human judgment

Goals

e Data driven decisions
e As much automation as possible




Plugs

Back end engineering team is hiring

Looking for Strong Junior / Senior Java/Scala
person

Resumes to Olivier: omodica@vast.com



