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meTaPps ™

Hidden Technical Debt in Machine Learning Systems

Configuration

Data Collection

Machine
Resource
Management

© 2016 Metaps Inc. All Rights Reserved.

Feature
Extraction

Analysis Tools

Process
Management Tools

Serving
Infrastructure

D. Sculley, etc. 2015

Monitoring
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TFX: A TensorFlow-Based Production-Scale Machine Learning Platform metfQs ™

Denis Baylor,etc. 2017

[ Integrated Frontend for Job Management, Monitoring, Debugging, Data/Model/Evaluation Visualization ]
[ Shared Configuration Framework and Job Orchestration ]
Tuner
Focus of this paper -

[ Data Data Data Data ([ Trainer | [ Model Evaluation Servin Loaqing |---
T\ Ingestion Analysis Transformation Validation . J and Validation 9 9ging
Shared Utilities for Garbage Collection, Data Access Controls ] .
E Pipeline Storage ] '

« Building one machine learning platform for many different learning tasks.
« Continuous training and serving.
« Easy-to-use configuration and tools.(Human-in-the-loop)

« Production-level reliability and scalability.

© 2016 Metaps Inc. All Rights Reserved. 5



Infrastructure for Usable Machine Learning:

The Stanford DAWN Project

Peter Bailis, Kunle Olukotun,etc.2017

DAWN: Data Analytics for What's Next

Data Acquisition Feature Extraction Model Training Productionizing

ModelSnap ModelQA

MacroBase (Streaming Data)
NoScope (Video)

Snorkel

DeepDive DAWNODEE

Hardware Systems Algorithms Interfaces

1,Target end-to-end ML workflows.

Data Fusion

AutoRec, SimDex (Recommendation) 2, Empower domain experts.

Mulligan (SQL+graph+ML) 3, Optimize end-to-end.
End-to-End Compilers: Weld, Delite

New Hardware: FuzzyBit, Plasticine CGRA

© 2016 Metaps Inc. All Rights Reserved. 6



Infrastructure for Usable Machine Learning:

The Stanford DAWN Project

Peter Bailis, Kunle Olukotun,etc.2017

DAWN Research Directions

I) New Interfaces to ML.
IT) End-to-End ML System.

IIT) New Substrates for ML.

© 2016 Metaps Inc. All Rights Reserved. 7



Infrastructure for Usable Machine Learning:

The Stanford DAWN Project

Peter Bailis, Kunle Olukotun,etc.2017

DAWN Research Directions

I) New Interfaces to ML

a) Easing model specification via observational ML (data preparation, feature engineering)
b) Explaining results to humans (feature engineering, productionization)
c) Debugging and observability (feature engineering, productionization)

d) Assessing and enriching data quality (data preparation, feature engineering):

© 2016 Metaps Inc. All Rights Reserved. 8



Infrastructure for Usable Machine Learning:

The Stanford DAWN Project

Peter Bailis, Kunle Olukotun,etc.2017

DAWN Research Directions

IT) End-to-End ML Systems

a) Classification over massive streams (data preparation, feature engineering, productionization)
b) Personalized recommendations (feature engineering, productionization)
c) Combining inference and actuation (feature engineering, data preparation, productionization)

d) Unifying SQL, Graphs, and Linear Algebra (productionization):

© 2016 Metaps Inc. All Rights Reserved.



Infrastructure for Usable Machine Learning:

The Stanford DAWN Project

Peter Bailis, Kunle Olukotun,etc.2017

DAWN Research Directions

IIT) New Substrates for ML

a) Compilers for end-to-end optimization (feature engineering, productionization)
b) Reduced precision and inexact processing (productionization)
c) Reconfigurable hardware for core kernels (feature engineering, productionization)

d) Distributed runtimes (productionization)

© 2016 Metaps Inc. All Rights Reserved. 10



Snorkel: Fast Training Set Generation for Information Extraction metapsm

Alexander J. Ratner,etc. 2016
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_ Doc_001 .
Daily News (I) /\ (")

XYZ, Inc., to / \
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Johnson... hired Daily XYZ, Inc. Bob Johnson :
ABC Cormp. Jim Roberts -
XYZ, Inc. Bob
Johnson :>
..ll.lIIll.l...llll.l'llllIIIIIl.l.'lll....lll..lIllll.Il'll.l.'lll....lll..l‘

Z Jupyter company-Employee [ o
File Edit View Insert Cell Kernel Widgets Help Python [default] O

= Ju pyte ' Company-Employee A In [11]: viewer

File Edit View Insert Cell Kernel Widgets Help ‘ Python [default] O @ Viewer

Labeling Functions The South China Morning Post quoted Hong Kong Jockey Club) Chief Executive

Lawrence Wong as saying the discussions were underway , but no price was reported .
In [ ]: def LF hired(c):

return 1 if 'hired' in get_tokens_between(c) else 0 Indonesia relied on Soviet military assistance in the 1950s under Megawati 's father and
founding President Sukarno , but these were severed after the anti - communist Gen .
def LF in crunchbase(c): Suharto seized power in 1965 .

r = (c.company_id, c.employee_id)

ESLUCHRTE SR )siunchbase Suplovals e Jakarta has recently purchased some Russian weapons , including 10,000 Kalashnikov

def LF BOW classifier(c): assault rifles , a squadron of naval Mil-2 helicopters and a dozen BTR-80A amphibious

words = set(get_tokens_between(c)) carriers for its marines .
red, confidence = bow_classifier.predict(words )
Eetu;n pred if confidence > 0.7 else 0 . : * K € > H ¥ Viewer must be focused for keyboard con;sgbso

© 2016 Metaps Inc. All Rights Reserved. 11



Socratic Learning

Labeling Paroma Varma, Bryan He, Dan Iter, etc. 2017
Labeling Functions
Functions

l |

DOv YDO Generative
Generative Discriminative _— Model

Model Go ’ Y(;o Model

- - Discriminative [ = = = = = >
GO' YGO Model

|
| ' g
_ Do, Ypo
_____ Difference
|mp_G Model = - -
Feature

Algorithm 1 Socratic Learning

Ao - -

Input: labeling matrix A € {—1,0,1}M*N  features X € {—1,1}*V M labeling functions
Learn generative model G(A,Y’), compute predictions Yg
Learn discr?minative model D(Yg | X), compute Yp N objects
Compute disagreement ¥ = —YgYp
Xs=0,K=0
repeat K features
K=K+1
Select features Xg, . s, indicative of Y
Xs=XsUXg,

Learn generative model G(A, Xs,Y), compute Y
Learn discriminative model D(Yg | X), compute Yp
until performance stops improving

© 2016 Metaps Inc. All Rights Reserved. 12



Flipper: A Systematic Approach to Debugging Training Sets

Paroma Varma, Dan Iter, etc. 2017

Labeling Functions Features Socratic Learning Identifies . . New Labeling Functions
def cat Label (blot ' . def newActionLabel(plot):
ef ca ?gory a. (plot): "get back® ' ‘ + if "thieves® in plot.lower():
if "action” in plot.lower(): - - n return 1
return 1 receive ‘ if "possession” in plot.lower():
if "romantic" in plot.lower(): return 1
return -1 Users Tools if "drug” in plot.lower():
return 0 return 1
Examples where Features Active Words related to Features Feturn 4
def romancelLabel(plot): 1 r 1 deof newR Label (plot):
if ":::5:-:31“1"9" in plot.lower(): ...twokt:ps te:r:‘;p to get back a Words Class *" 1¢ "wookend- in glzt.lmr( )e
- aughter.... return -1
if "love" in plot.lower(): . “thieves” if "enamored” in plot.lower():
return -1 - = return -1
roturn 0 .. expose the tnuth and get back to possession” ACTEON i¢ "Journey” ia plot.lower():
the U.S., they must risk their lves drug” retura -1
' return 0
“weekend”
Create Training Set, Train Model _ Jove with the woman who received e R NCE o
. his wife's heart ... ‘jOum:eyE ,,: OMA Create New o
0 @ | Training Set, ..;f_x. °
o o 0 AR
o ‘e RetrainModel ® ®
(a) Initial Labeling and Training (b) Automated Debugging (c) Flipper (d) Refining Labeling Process and
Retraining

Snokelt>Socratic Learning&E ARBIDMMTEC KD . SNIVERKBEEZEST /NI U THRRE T B,

© 2016 Metaps Inc. All Rights Reserved. 13



Flipper: A Systematic Approach to Debugging Training Sets

Paroma Varma, Dan Iter, etc. 2017

Labeling Functions

def categoryLabel(plot):
if "action” in plot.lower():

Example 4.1. A group of three graduate students wrote a set of

return 1
if "romantic" in plot.lower(): five labeling functions in the Snorkel framework that checked for
“tu::"‘(;m - certain words in the plot to decide whether the movie belonged to the

“Action” or “Romance” genre. Examples of these labeling functions are

def romancelabel(plot): . . . o o
- shown in Figure 1(a). If words like “chase”, “criminal” and“attack” are

if "heart warming" in plot.lower():

return -1 present in a plot summary, they are marked as an “Action” movie and
if "love" in plot.lower(): . . ¢ . » « » .
return -1 if words like “heart warming” and “love” are in the plot summary, they
return 0 are marked as “‘Romance”. These labeling functions had accuracies
ranging from 66.67% to 93.33% on the data points they did assign
Create Training Set, Train Model labels to. Only 17.6% of the training data had at least one label from
° one of these labeling functions.
o o
o o L
o e
.

(a) Initial Labeling and Training

© 2016 Metaps Inc. All Rights Reserved. 14



Flipper: A Systematic Approach to Debugging Training Sets

Labeling
Functions

Features Socratic Learning Identifies

“get back”
“receive”

Examples where Features Active

...two cops team up to get back a
kidnapped daughter...

... expose the truth and get back to
the U.S., they must risk their lives...

...love with the woman who received
his wife's heart ...

(b) Automated Debugging

© 2016 Metaps Inc. All Rights Reserved.

Paroma Varma, Dan Iter, etc. 2017

----- > Discriminative —————
(;o‘ygo Model

I
. I
) Do, Yoo
_____ Difference
oL |G
Feature

Example 4.2. 'The features that Socratic learning identifies in this
case represent the phrases “get back” and “receives” (Figure 1(b)).
Socratic learning improves the accuracy of the training set, which in
turn improves the accuracy of the retrained model to 69.6%. Since
such generic phrases provide users little intuition about why their
labeling functions were inaccurate, users are unable to manually edit
their labeling functions at this stage.

o= of -

15



Flipper: A Systematic Approach to Debugging Training Sets

Paroma Varma, Dan Iter, etc. 2017

‘ # /; Flu | Explainer
weight

sneeze I
(LIME)
Users Tools s —_— headache ||
no fatigue no fatigue
Words related to Features age
Words C]. ass Model Data and Prediction Explanation Human makes decision
“thieves” LIME(Marco Tulio Ribeiro,etc 2016)
“possession” ACTION
“drug” : . .
g Example 4.3. With LSA, users discover the words “drugs”, “thieves”,
“weekend” and “possession” are among the top words associated with the phrase
‘ii":u':;“;f,j ROMANCE “get back”, while “weekend”, “enamored”, and “journey” are associated

3

with “receive”. Since the two categories are “Action” and “Romance’,
it is easy for users to conclude that the first set of words correspond to
action movies and the second to romantic movies.

(c) Flipper

© 2016 Metaps Inc. All Rights Reserved. 16



Flipper: A Systematic Approach to Debugging Training Sets

New Labeling Functions Paroma Varma, Dan Iter, etc. 2017

def newActionLabel(plot):

if "thieves" in plot.lower():
return 1

if "possession" in plot.lower():
return 1

if "drug" in plot.lower():
return 1

return 0

Example 4.4. Users decide to add two labeling functions shown

def newRomanceLabel (plot):

i "weekend” in plot.lower(): in Figure 1(d). One marks plot summaries with the words “drugs’,
if "enamored” in plot.lower(): “thieves”, or “possession” as “Action”. The other marks plot summaries
if --?23:::,,:11:1 plot.lower(): with the words ‘weekend’, “enamored’, or “journey” as “Romantic’.
oo The first labeling function has an accuracy of 73.5% while the second

has an accuracy of 90% on the data points they each label. With these
additional labeling functions, the coverage increases to 24.5% of the

Create New o
training set.

Training Set, . 5
Retrain Model ®°

(d) Refining Labeling Process and
Retraining

© 2016 Metaps Inc. All Rights Reserved. 17



MacroBase: Prioritizing Attention in Fast Data

1. INGEST
> ETL & conversion
to datum; pairs of

> Optional domain-

2. TRANSFORM

specific data

3. CLASSIFY
Application of
inlier, outlier labels

4. EXPLAIN
Aggregation of
labels, ranking

Peter Bailis, Edward Gan,etc. 2017

5. PRESENT
Export and
consumption: GUI, —>

(metrics, attrs) transformations by metrics using attributes alerts, dashboards
o : DATA TYPES
. '-'itmmmg Threshold § _,‘W:;C I ]M‘{a(;aPS-Tre - % Point = (array<double> metrics, array<varchar> attributes)
Model- v N 5 5 3 Explanation := (array<varchar> attributes, srars statistics)
= refraining, O ‘oo ” 3
MAD/MCD K - filter via risk ratio S OPERATOR INTERFACE
ADR ? AMC H M-CPS-Tree 3 Operator Type Signature
input sample Score Sample & inlier summary data stuctures Ingestor external data source(s) — stream<Point>
UNSUPERVISED CLASSIFICATION =  EXPLANATION 3 Transformer | stream<Point> — stream<Point>
Classifier stream<Point> — stream<(label, Point)>
Explainer stream<(label, Point)> — stream<Explanation>
ADR: Adaptable Damped Reservoir Pipeline Ingestor — stream<Explanation>

AMC: Amortized Maintenance Counter
CPS-tree: Compact Pattern Stream tree

© 2016 Metaps Inc. All Rights Reserved. 18



MacroBase: Prioritizing Attention in Fast Data

Peter Bailis, Edward Gan,etc. 2017

_"_ EL @ J\/\/\/\/\/ extract

Vo - domain-specific
NV Y signals
FEATURE

THANGFORM identify data

v in tails
OUTLIER
DETECTION , , ,
‘ find disproportionately
correlated attributes

RESULT Outliers Inliers
EXPLANATION {iPhone6, Canada} {iPhone6, USA}
1 {iPhoneé, USA} {iPhone6, USA}

{iPhone5, Canada} {iPhone5, USA}
ALERTS, REPORTS

© 2016 Metaps Inc. All Rights Reserved. 19



Inferring Generative Model Structure with Static Analysis mMetQPEsm

Paroma Varma, Bryan He, Payal Bajaj,etc. 2017

Raw Images Segmentation Domain Specific Heuristic Noisy Training
; Primitives Functions Labels Labels
—— - Area > A|(P|) =" Bel'%ﬂ
% py Perimeter [ '] My(p) | Malignant ——
~_ AN ‘\ Generative Discriminative
™ py Intensity o As(paps) | | Benign Model Model
.es \ Y l 35% Benign
Primitives and Heuristics are see
User-Defined
. Coral Pipeline :

def create_primitives(image,segmentation): P.perimeter get_perimeter() Parea
—_— =
value

P = PrimitiveSet() function

P.area = get_area(segmentation) Pintensity
P.perimeter = get_perimeter(segmentation) X)_. PP

P.intensity = np.sum(segmentation*image) m value
ae " opre i
P.ratio = P.intensity/P.perimeter il
return P value
(@) (b) (c)

© 2016 Metaps Inc. All Rights Reserved. 20



Inferring Generative Model Structure with Static Analysis MeTQPs®

defA_1(P.area):
if P.area >= 2.0:
return True
else:
return False

def A_2(P.perimeter):

if P.perimeter <= 12.0:

return True
else:
return False

def A_3(P.ratio):
if P.ratio <= 5.0:
return True
else:

return False

(@)

© 2016 Metaps Inc. All Rights Reserved.

Paroma Varma, Bryan He, Payal Bajaj,etc. 2017

A, «——  Parea Py HF P
Acc|
1

A, Pperimeter Y 49—, HHF By el
Acc|
3

As Pintensity AN A i Ps

(b) (c)

P(y’/\l)"')’\n’pla“',pm):eXp ZOACC¢ACC+Z¢HF+Z Z OSlm Slm

i=1 j=141

1 MV [ Indep LeamDep [ HFDep I HF+DSPDep I FS
55 55

75 75

® 50 ® 50 £ 70 £ 70

(,8, 45 C,S, 45 g 65 g65

T 40 T 40 3 60 3 60

35 35 < 55 < 55
Visual Genome ActivityNet Bone Tumor Mammogram
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Ground: A Data Context Service

Analytics & Reference
Visualization Data
Wrangling & Security
ETL Auditing

Reproducibility

Joseph M. Hellerstein,etc.2017

Catalog &
Discovery

Information

Extraction
COMMON ABOVEGROUND API TO APPLICATIONS
GROUND METAMODEL

UNDERGROUND API TO SERVICES

Crawling & Versioned Authentication & Scheduling &
Ingest Storage Authorization Workflow

The architecture of Ground. The Common Ground metamodel.

T—YBERC/I\ -3 > EEOMZZID AN, LT —HFVY—-RZATETIVZRAVWTEERT S,

© 2016 Metaps Inc. All Rights Reserved. 22



sEELGeneral AIOE A

- SNVERZE T BT OIS LZELDE RAA > ITFX) (= MR UV UFREANDND S,

o SRATACKBERDHBADOERKRD—ERE U IC/RD TULDN. BFYMEDEVREIEROE X
EZRBUTCHRAINAXTETLIRL,

!

- NEIDEXZIER LU CT—IFETZEY) (1T T, WEMNEDS ENETNDE (CHERZ
BACE D8 (C(E. common reasoning 7R EMNTE D General AILNILDE AT LADNRE,

© 2016 Metaps Inc. All Rights Reserved. 23



Human-in-the-loop Data Analytics System

Juan Liu,etc. 2016

r 2 Analytics exploration (an example)
Workflow
Recommender
T \é\;t;at do workflow sequences tell e ®
. ) User Model / ’ bz ) @ \® [ton s Ouster
Analytlcs Dlalog Workflow . Recognize what the user is up (xy) k@ év P
Dashboard Manager Patterns to (e.g., an exploratory phase) @ T~ o © s ] 3
. ) W, @ Y r
» Data analyt!cs ch0|_ces | S | D le I I O e r
* Data analytlcs equwalent (a) A data analysis workflow demonstration
Current classes
Context Workflow » Popular choices, sequences ——
\_ / i Analytics « Learn the relationship i
between data characteristics
Workf and workflow actions
orkflow .
History . Lear,n cogr_nt_lve model of the Pa—
Logging user’s decision process at (b) A workflow workbench for analysts
each step

Pierre Lison;2015
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Towards real-world capable spatial memory in the LIDA

cognitive architecture

Basal Ganglia
(Procedural memories)

Cingulate gyrus

(Egocentric
Precuneus representation)
Area 5d (Egocentric
reach vectors)

Retrosplenial
cortex
(Ego-/allocentric
transformation)
Mammilary

body

Anterior thalamic
nuclei

Amygdala
(Emotion,
motivation,

rewards)

Subiculum (Head direction)
(Borders,
boundartes) Parahippocampal
Perirhinal cortex
cortex (Scene & place
(Recognition memory perception)
- together with LEC)

Hippocampus

(Self location,

object location memory,
"cognitive map")

Entorhinal
cortex
Medial EC (metric scale, path integration)
Lateral EC (recognition memory)

(visual object recognition)

Tamas Madl,etc. 2016

LIDA

Boundary SBC
(2) Map correction SBC

WORKSPACE

Map structuring
Bayesian localization
Route plan extraction

Conscious Contents

Add Conscious Content
\Queue \
Add Coalitions
—
<=

Structure Building

(4) Codelets

Ego/allocentric transf.

Ventral Egocentric ’ i
Sensory s 4| Allocentric
M yoom Sz)gf)w D SpWM (2) Form Coalitions

Local
Associations

Global
Workspace

Sensory
Stimulus

Transient
Episodic
Memory

Internal &
External
Environment

Aftention
Codelets

Declarative
Perceptual
Memory

Associative Consolidate

Perceptual spatil Episodic Aftentional
Learning

Actuator )
Execution (earming Learning Learning
%, Update Procedural Recruit
/,)o Behaviors Leaming Schemes

4 7

Short Term

Motor Mot Senso[y selected Instantiated —J
oror Action  schemes Procedural Long Term
Plan Plan Motor Behavior ) 9
Execution Memory Selection  (Behaviors) Memory
_ {?g']‘] - COnscbus
\ (L5

Routes

Spatially relevant brain areas and LIDA modaules.

Top: Neural correlates involved in spatial

Bottom: functionally corresponding modules and processes in LIDA.

© 2016 Metaps Inc. All Rights Reserved.



Dialogue System with Cognitive Architecture

Tamas Madl,etc. 2016

Understanding Phase

]
1
The LIDA '
Cognitive Workspace : j
Cycle i e oy e el h
y Structure Building Consda:se:::ntents 11 AddConscious Content %D g ? >
_________ T <EBRNV7—=F7 77—
| ! Add coafitions
:: FOEvY Current Situational Model ! g
emory Form Coalitions
Sensory :Iclmnal "
Stimulus pda ' Global
: ' Workspace
" — == F 3 3
= '
Internal & Perceptual Transie‘nt Beciacative TH| Bitention
External Associative Episodic
f Memory BN Codelets
Environment Memaory Memory Fanerne [
e e e T o A e o e ot R i St maTet b= i E Dot s e T ~——\ <7
Actuaitor Perceptual Spatial Episodic Attentional
Execution Learning Learning Learning Learning
Sensory - Update Procedurat Recruit
Motor ">/4 Behaviors Learning Schemes
v Learning @
Motor Instantiated
Plan Motor - I ;":f:r Action | Schemes  [ZGT T [
Sehor ous
Erecution VIS selection | oo Stefan Ultes, etc.2017
L . Consciows
. Belief State Policy:
Belief Tracker >
System Reply
> A
| ~reeses AN / e
) ’
S, 7
Dialogue Acts \ ’ Dialogue Acts
\ /
4
\ / Y

Language
Generator

Dialog State Tracking Challenge(DSTC) Semantic \ /

Decoder

< ;(‘:I- éﬁ :/ZU_‘A > [ \\\ '," [

THU\SNAT—AESNTZHAR.

7ILVTYUX L7zt sEIRaR (B RIERR) (CAEN T, — '/ % Natural

language language

© 2016 Metaps Inc. All Rights Reserved.
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Extensions to add spatial abilities to LIDA

© 2016 Metaps Inc. All Rights Reserved.

Object recognition
Layer (CNN)

ROS

Sapou
‘sairges)
n

1+

Tamas Madl,etc. 2016

Route plan

™ extraction SBC /

m Boundary SBC O Self -location node (t-1)

- "i“:ﬁ.,.;: Workspace

47
‘iablenode Odoornode

'm Localization SBC |
samples representing d:

'm Map correction SBC ceston dstibuten ”’;’

= Map structure SBC -

Imks

e D

= Object-place SBC

SBCs @)

i

/

4 ‘ N
Global Workspace »
=D g
(5) Proceduzal Memory " ?)
Action Selection _g
- 2
TR g
relative <o =
] Tum nght fcoordinates (= ¢

LIDA-ROS interfa

SMM

(2 Spatial Memory (som),
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