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Autonomic  computing:  the  inception
• “Dealing  with  complexity  is  the  single  most  important  
challenge  facing  the  IT  industry”,  IBM  VP  Research,  2001
• 60%-­75%  of  databases’  TCO  in  spent  in  administration
• 40%  outages  caused  by  (skilled)  humans’  errors
• 30%-­50%  of  IT  budget  spent  preventing  or  recovering  from  crashes
• IT  labour costs exceed equipment costs by up to  18:1

Automatic  Tuning  of  the  Parallelism  Degree  in  Hardware  Transactional  Memory  – EuroPar  2014

P4  1.3GHZ  ~500x  less  transistors  than  2018  Xeon
High-­end  system  specs:  256MB  RAM,  40  GB  HD
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• Solution  inspired  to  autonomic  nervous  system:
• free  conscious  brain  from  low-­level  tasks  (breathing,  heating,  etc…)
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Autonomic  computing:  the  inception
• “Dealing  with  complexity is  the  single  most  important  
challenge  facing  the  IT  industry”,  IBM  VP  Research,  2001

• Solution  inspired  to  autonomic  nervous  system:
• free  conscious  brain  from  low-­level  tasks  (breathing,  heating,  etc…)

• Tame  IT  complexity  via  self-­*:
• express  system’s  behavior  via  high-­level  policies
• pursue  these  goals  via  automatic  control  loops

Automatic  Tuning  of  the  Parallelism  Degree  in  Hardware  Transactional  Memory  – EuroPar  2014



What  happened  next?



IT  complexity  has  kept  on  spiraling

Multicores  (r)evolution:  
concurrency

Commercial  clouds:
elasticity

Big  data  &  IoT:
scale  &  velocity

Edge  computing:
energy  efficiency

Exascale computing:
exascale complexity?

GP-­GPU  &  Manycores:
heterogeneity  



Today,  autonomic  computing  is
a  key  tool  to  cope  with IT  complexity



Surge  of  IT  complexity  challenges  
our  ability  to  model their  behavior

44 Computer

interactions among autonomic elements as it will
from the internal self-management of the individual
autonomic elements—just as the social intelligence
of an ant colony arises largely from the interactions
among individual ants. A distributed, service-ori-
ented infrastructure will support autonomic ele-
ments and their interactions. 

As Figure 2 shows, an autonomic element will
typically consist of one or more managed elements
coupled with a single autonomic manager that con-
trols and represents them. The managed element
will essentially be equivalent to what is found in
ordinary nonautonomic systems, although it can
be adapted to enable the autonomic manager to
monitor and control it. The managed element could
be a hardware resource, such as storage, a CPU, or
a printer, or a software resource, such as a data-
base, a directory service, or a large legacy system.

At the highest level, the managed element could
be an e-utility, an application service, or even an
individual business. The autonomic manager dis-
tinguishes the autonomic element from its nonau-
tonomic counterpart. By monitoring the managed
element and its external environment, and con-
structing and executing plans based on an analysis

of this information, the autonomic manager will
relieve humans of the responsibility of directly man-
aging the managed element. 

Fully autonomic computing is likely to evolve as
designers gradually add increasingly sophisticated
autonomic managers to existing managed elements.
Ultimately, the distinction between the autonomic
manager and the managed element may become
merely conceptual rather than architectural, or it
may melt away—leaving fully integrated, auto-
nomic elements with well-defined behaviors and
interfaces, but also with few constraints on their
internal structure. 

Each autonomic element will be responsible for
managing its own internal state and behavior and
for managing its interactions with an environment
that consists largely of signals and messages from
other elements and the external world. An element’s
internal behavior and its relationships with other
elements will be driven by goals that its designer
has embedded in it, by other elements that have
authority over it, or by subcontracts to peer ele-
ments with its tacit or explicit consent. The element
may require assistance from other elements to
achieve its goals. If so, it will be responsible for
obtaining necessary resources from other elements
and for dealing with exception cases, such as the
failure of a required resource.

Autonomic elements will function at many levels,
from individual computing components such as
disk drives to small-scale computing systems such
as workstations or servers to entire automated
enterprises in the largest autonomic system of all—
the global economy.

At the lower levels, an autonomic element’s range
of internal behaviors and relationships with other
elements, and the set of elements with which it can
interact, may be relatively limited and hard-coded.
Particularly at the level of individual components,
well-established techniques—many of which fall
under the rubric of fault tolerance—have led to the
development of elements that rarely fail, which is
one important aspect of being autonomic. Decades
of developing fault-tolerance techniques have pro-
duced such engineering feats as the IBM zSeries
servers, which have a mean time to failure of sev-
eral decades.

At the higher levels, fixed behaviors, connections,
and relationships will give way to increased
dynamism and flexibility. All these aspects of auto-
nomic elements will be expressed in more high-
level, goal-oriented terms, leaving the elements
themselves with the responsibility for resolving the
details on the fly. 

Autonomic manager

Knowledge

Managed element

Analyze Plan

Monitor Execute

Figure 2. Structure of an autonomic element. Elements interact with other
elements and with human programmers via their autonomic managers.
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Approaches  to  (performance)  modelling
of  computing  systems

White BoxBlack Box



Related Work

Machine Learning

Goal

Observe x = (x1...xn), y = (y1...yn)

Infer f : y = f (x)

y' = f(x')
Machine Learner

Training input
{xi} Statistical Model

y=f'(x)

Query x'

Training output
{yi = f(xi)}

• No explicit
modeling

• High accuracy in
interpolation

• Poor accuracy in
extrapolation

• Training time

Diego Didona (2013) 14 / 30

Black  box  modelling

PROS

• High accuracy in areas already 
observed (interpolation)

• No knowledge on system’s 
internals

CONS

• Poor accuracy in non-observed 
areas (extrapolation)

• Curse of dimensionality
Ø Extensive training phases



White  box  modelling

• Exploit knowledge on internal system dynamics

² model dynamics analytically or via simulation

PROS

• Minimal or no learning phase

• Good extrapolation power

CONS

• Simplifying assumptions 
Ø reduced accuracy

• Knowledge of system internals 
often unavailable

Related Work

Queuing Theory

Goal

Model a server as a queue

(arrival rate, service demands)! KPIs

• High predictive
power

• Several metrics

• Explicit modeling

• Assumptions,
approximations

Diego Didona (2013) 12 / 30



Key  Observation  &  Questions

Pros of white-box are cons of black-box & vicev. 

Can we achieve the best of the two worlds?

Can black and white box modelling be reconciled ?



Gray  box  modeling

• Combine	
  WB	
  and	
  BB	
  modeling

• Enhance	
  robustness	
  &	
  reduce	
  cost
– Lower	
  training	
  time	
  &	
  cost	
  thanks	
  to	
  White	
  box	
  models
– Incremental	
  learning	
  thanks	
  to	
  Black	
  box	
  techniques



Gray  box  modeling
• I	
  will	
  present	
  three	
  methodologies:

Boosting

Divide	
  and	
  conquer Bootstrapping

Apply	
  WB	
  &	
  BB
to	
  model	
  different	
  	
  

sub-­‐systems

Initialize	
  knowledge	
  of	
  
BB	
  model	
  based	
  on	
  a	
  

WB	
  one
Learn	
  via	
  BB	
  

techniques how	
  to	
  
correct	
  a	
  WB	
  model



Case  study:
Self-­tuning  of  Transactional  Data  Grids



Infinispan

• In-­‐memory	
  transactional	
  data-­‐grid:
– Data	
  scattered	
  across	
  elastic	
  distributed	
  platform

• Full	
  vs	
  partial	
  replication
– Transactional	
  -­‐-­‐ACI(D)–manipulation	
  of	
  data
– Pervasive	
  support	
  for	
  dynamic	
  reconfiguration:

• elastic	
  scaling,	
  data	
  placement,	
  replication	
  protocol,	
  
locking	
  strategy,…



Transactional  Data  Grids:  performance

• Heterogeneous,	
  nonlinear	
  scalability	
  trends!
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Factors  limiting  scalability
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Transactional  Data  Grids:
a  forge  of  self-­tuning  problems

• Scale	
  up	
  and/or	
  scale	
  out	
  [SEAMS18,	
  ASPLOS16,	
  ICPE15]
– how	
  many	
  machines	
  should	
  my	
  DTM	
  be	
  provisioned	
  with?
– how	
  many	
  threads	
  should	
  be	
  active	
  on	
  each	
  machine?

• Which	
  distributed	
  synchronization	
  scheme	
  [TPDS14]
– single-­‐ vs	
  multi-­‐master,	
   optimistic	
  vs	
  pessimistic

• Tuning	
  of	
  data	
  replication	
  and	
  group	
  communication	
  layers:
– quorum	
  sizes	
  [Middleware15],	
  message	
  batching	
  [SASO12]

• Data	
  placement	
  [TAAS14]:
– where	
  should	
  data	
  and	
  code	
  be	
  placed	
  to	
  maximize	
   locality?	
  



Gray  box  modeling
• I	
  will	
  present	
  three	
  methodologies:

Boosting

Divide	
  and	
  conquer Bootstrapping

Apply	
  WB	
  &	
  BB
to	
  model	
  different	
  	
  

sub-­‐systems

Initialize	
  knowledge	
  of	
  
BB	
  model	
  based	
  on	
  a	
  

WB	
  one
Learn	
  via	
  BB	
  

techniques how	
  to	
  
correct	
  a	
  WB	
  model



Divide  and  conquer

• Modular	
  approach
–WBM	
  of	
  what	
  is	
  observable/easy	
  to	
  model
– BBM	
  of	
  what	
  is	
  un-­‐observable	
  or	
  too	
  complex

• Reconcile	
  their	
  output	
  in	
  a	
  single	
  function

• Higher	
  accuracy	
  in	
  extrapolation	
  via	
  WBM
• Apply	
  BBM	
  only	
  to	
  sub-­‐problem
– Less	
  features,	
  lower	
  training	
  time	
  &	
  cost



Self-­tuning  (data  grids)  in  the  cloud:
the  partial  observability  problem

• Important	
  to	
  model	
  network-­‐bound	
  ops	
  but…
• Cloud	
  hides	
  detail	
  about	
  network
– No	
  topology	
  info
– No	
  load	
  info
– Additional	
  overhead	
  of	
  virtualization	
  layer

• BBM	
  of	
  network-­‐bound	
  ops	
  performance
– Train	
  ML	
  on	
  the	
  target	
  platform



TAS/PROMPT  [TAAS14,Mascots14]
• Analytical	
  modeling	
  (queuing	
  theory	
  based)

– Concurrency	
  control	
  scheme	
  
• encounter	
  time	
  vs	
  commit	
  time	
  locking

– Replication	
  protocol	
  
• multi-­‐master	
  (2PC)	
  vs	
  single-­‐master	
   (Primary	
  Backup)

– Replication	
  scheme	
  
• Partial	
  vs full

– CPU

• Machine	
  Learning	
  (Decision	
  tree	
  regressor)
– Latency	
  network	
  bound	
  operations	
  (prepare,	
  remote	
  gets)
– Inputs:	
  operation	
  rates,	
  #nodes	
   involved	
  in	
  commit



AM  and  ML  coupling

• At	
  ML	
  training	
  time,	
  all	
  features	
  are	
  known
• At	
  query	
  time	
  they	
  are	
  NOT!

EXAMPLE
• Current	
  config:	
  5	
  nodes,	
  full	
  replication
– Contact	
  all	
  5	
  nodes	
  at	
  commit

• Query	
  config:	
  10	
  nodes,	
  partial	
  replication
– How	
  many	
  contacted	
  nodes	
  at	
  commit?



• AM	
  can	
  provide	
  (estimates	
  of)	
  missing	
  input

Recursive	
  coupling	
  scheme

ML	
  predicts	
  network	
  latencies based on AM	
  inputs

AM	
  predicts	
  KPIs	
  and	
  updates	
  inputs	
  for	
  ML

Model  resolution



Model’s  accuracy

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 2  4  6  8  10  12  14  16  18  20

C
o
m

m
it 

P
ro

b
a
b
ili

ty

Number of nodes

EC2

TPCC-W-Real
TPCC-W-Pred

TPCC-R-Real
TPCC-R-Pred

 0

 500

 1000

 1500

 2000

 2500

 3000

 3500

 4000

 2  4  6  8  10  12  14  16  18  20

T
h

ro
u

g
h

p
u

t 
(t

x/
se

c)

Number of nodes

EC2

TPCC-W-Real
TPCC-W-Pred

TPCC-R-Real
TPCC-R-Pred

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 2  3  4  5  6  7  8  9  10

C
o
m

m
it 

P
ro

b
a
b
ili

ty

Number of nodes

PB, write transactions only

TPCC-W-Real
TPCC-W-Pred

TPCC-R-Real
TPCC-R-Pred

 0

 500

 1000

 1500

 2000

 2500

 3000

 3500

 4000

 4500

 2  3  4  5  6  7  8  9  10

T
h
ro

u
g
h
p
u
t 
(t

x/
se

c)

Number of nodes

PB, write transactions only

TPCC-W-Real
TPCC-W-Pred

TPCC-R-Real
TPCC-R-Pred

 0

 500

 1000

 1500

 2000

 2500

 3000

 3500

 4000

 4500

 2  3  4  5  6  7  8  9  10

T
h
ro

u
g
h
p
u
t 
(t

x
/s

e
c
)

Number of nodes

PB, write transactions only

TPCC-W-Real
TPCC-W-Pred

TPCC-R-Real
TPCC-R-Pred

TOP:	
  primary-­‐backup.	
  	
  BOTTOM:	
  multi-­‐master	
  (2PC-­‐based)



Comparison  with  Pure  ML

• YCSB	
  (transactified)	
  workloads	
  while	
  varying	
  
– #	
  operations/tx
– Transactional	
  mix
– Platform	
  Scale	
  &	
  replication	
  degree
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Gray  box  modeling
• I	
  will	
  present	
  three	
  methodologies:

Boosting

Divide	
  and	
  conquer Bootstrapping

Apply	
  WB	
  &	
  BB
to	
  model	
  different	
  	
  

sub-­‐systems

Initialize	
  knowledge	
  
of	
  BB	
  model	
  based	
  

on	
  a	
  WB	
  one
Learn	
  via	
  BB	
  

techniques how	
  to	
  
correct	
  a	
  WB	
  model



Bootstrapping  [ICPADS15,  SEAMS18]

• Obtain	
  zero-­‐training-­‐time	
  ML	
  via	
  initial	
  AM
1. Initial	
  (synthetic)	
  training	
  set	
  of	
  ML	
  from	
  AM
2. Retrain	
  periodically	
  with	
  “real”	
  samples

Analytical !
model!

Boostrapping"
training set!

Machine 
learning!
!

Gray box "
model!

Sampling of"
the Parameter Space!

Model construction!

Current 
training set!

Machine 
learning!

Gray box "
model!

New data"
come in!

(1)	
  Boostrapping phase (2)	
  Model	
  update



How  many  synthetic  samples?

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 2000  4000  6000  8000 10000 12000 14000
 0.01

 0.1

 1

 10

 100

 1000

 10000

M
A

P
E

T
ra

in
in

g
 t
im

e
 (

se
c,

 lo
g
sc

a
le

)

Training set size

KVS-MAPE
KVS-time

TOB-MAPE
TOB-time

• Important	
  tradeoff
– Higher	
  #	
  à lower	
  fitting	
  error	
  over	
  the	
  AM	
  output
– Lower	
  #	
  à higher	
  density	
  of	
  real	
  samples	
  in	
  dataset



How  to  update  the  
synthetic  training  set?



Real  vsAM  function

Real	
  function

AM	
  function



• Assuming	
  enough	
  point	
  to	
  perfectly	
  learn	
  AM

Real  vs learnt

Synthetic	
  sample

ML	
  function



• Add	
  real	
  samples	
  to	
  synthetic

Merge

Real	
  sample



• Problem:	
  same/near	
  samples	
  have	
  diff.	
  output

Merge



• Remove	
  nearest	
  neighbor

Replace  Nearest  Neighbor  (RNN)



• Preserve	
  distribution…

Replace  Nearest  Neighbor  (RNN)



• …	
  but	
  may	
  induce	
  alternating	
  outputs

Replace  Nearest  Neighbor  (RNN)



• Add	
  real	
  and	
  remove synth.	
  samples	
  in	
  a	
  radius	
  

Replace  Nearest  Region  (RNR)



• R	
  =	
  radius	
  defining	
  neighborhood

Replace  Nearest  Region  (RNR)

R



• R	
  =	
  radius	
  defining	
  neighborhood

Replace  Nearest  Region  (RNR)

R



• Skew	
  samples’	
  distribution

Replace  Nearest  Region  (RNR)



• Replace all	
  synthetic	
  samples	
  in	
  a	
  radius	
  R

Replace  Nearest  Region  2  (RNR2)

R



Replace  Nearest  Region  2  (RNR2)

• Maintain	
  distribution,	
  piecewise	
  approximation



Weighting

• Give	
  more	
  relevance	
  to	
  some	
  samples

• Fit	
  better	
  the	
  model	
  around	
  real samples
– “Trust”	
  real samples	
  more	
  than	
  synthetic	
  ones
– Useful	
  especially	
  with	
  Merge-­‐based	
  updates

• Too	
  high	
  can	
  cause	
  over-­‐fitting!
– Learner	
  fails	
  to	
  generalize	
  



Evaluation

• Case	
  studies
– Response	
  time	
  in	
  Total	
  Order	
  Broadcast	
  (TOB)

• building	
  block	
  at	
  the	
  basis	
  of	
  many	
  data	
  grids
• 2-­‐dimensional	
  yet	
  highly	
  nonlinear	
  perf.	
  function

– Throughput	
  of	
  Infinispandata	
  grid
• 7-­‐dimensional	
  performance	
  function



Accuracy

• Best	
  accuracy	
  than	
  individual	
  B&W-­‐box	
  models
– AM	
  prediction	
  corrected	
  as	
  new	
  data	
  is	
  acquired
– Same	
  accuracy	
  of	
  BB	
  with	
  far	
  less	
  training	
  data	
  (>5x)

5.4. EVALUATION 159
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Figure 5.7: Comparison between Merge and Replace-based Bootstrapping

The plot in Figure 5.7 clearly highlights the advantages that the Bootstrapping technique can

provide, eventually outperforming both the base model and the reference ML-based predictor.

It also shows that, in the considered case studies, and for the considered parameters’ values,

there is no clear winner between the two updating variants. In fact, the conducted evaluation

suggests —maybe surprisingly— that the weighting parameter results to be the one that affects

accuracy the most, up to the point that its careful tuning allows the Merge updating policy to

perform similarly to the —relatively more complex— RNR2.

5.4.2.3 Bootstrapping in extrapolation

So far, the Bootstrapping technique has been evaluated by drawing the additional training set Dt

for the black box learner uniformly at random from a real data set D, and assessing its accuracy

over D\Dt . This means that the learned performance function has been corrected by benefiting

from an unbiased sampling of the whole space over which its accuracy is then assessed. This

section serves the purpose of assessing the Bootstrapping technique’s robustness against biased

sampling strategies: even if provided only with a set R of real samples corresponding to narrow

regions of the parameters’ space, the bootstrapped learner still inherits the predictive power of

the base base predictor when working in extrapolation with respect to R.

A realistic use case for such a scenario would be if the real samples were not to be collected

InfinispanTOB



Visualizing  the  correction
BASE	
  AM PURE	
  ML	
  (70%	
  TS)

BOOTSTRAPPED	
  ML	
  (70%	
  TS)



Gray  box  modeling
• I	
  will	
  present	
  three	
  methodologies:

Boosting

Divide	
  and	
  conquer Bootstrapping

Apply	
  WB	
  &	
  BB
to	
  model	
  different	
  	
  

sub-­‐systems

Initialize	
  knowledge	
  
of	
  BB	
  model	
  based	
  

on	
  a	
  WB	
  one
Learn	
  via	
  BB	
  

techniques how	
  to	
  
correct	
  a	
  WB	
  model



Boosting  [ICPE15,  Netys13]
• Learning	
  the	
  error	
  of	
  a	
  model	
  on	
  a	
  function	
  may	
  
be	
  simpler	
  than	
  learning	
  the	
  function	
  itself

• Chain	
  composed	
  by	
  AM	
  +	
  cascade	
  of	
  ML

• ML1 trained	
  over	
  residual	
  error	
  of	
  AM

• MLi,	
  i>1	
  	
  trained	
  over	
  residual	
  error	
  of	
  MLi-­‐1
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Evaluation

• Chain	
  composed	
  by	
  AM	
  +	
  Decision	
  Tree
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Figure 5.9: Evaluating the accuracy of HyBoost.

region.

Figure 5.8c, instead, shows the accuracy achieved by a bootstrapped learner trained over a

combination of synthetic samples and the same set of real samples used in the previous case.

Clearly, the accuracy in the right part of the plot is similar to the one in Figure 5.8b; the left part,

instead, which corresponds to the performance queries in extrapolation, portrays a significant

enhancement in accuracy. These improved predictive capabilities in extrapolation stem from the

availability of a synthetic training set provided by the embedded base model. This claim can be

verified by analyzing Figure 5.8a, which reports the accuracy of a Cubist learner trained only

over synthetic data samples: it is easy to see that the left side of the plot is very similar to the

left side of the plot in Figure 5.8b, demonstrating how a bootstrapped learner is able to leverage

the knowledge provided by the base model about the performance of the target application in

unexplored regions of the parameters’ space.

5.4.3 Hybrid Boosting

The conducted evaluation study on the HyBoost technique, described in this section, only fo-

cuses on analyzing the effectiveness of this technique depending on the characteristics of the

white and black box models for two considered case studies. The only tuning parameter of

this technique, in fact, would be the size and the composition of the chain, i.e., the number of
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region.

Figure 5.8c, instead, shows the accuracy achieved by a bootstrapped learner trained over a

combination of synthetic samples and the same set of real samples used in the previous case.

Clearly, the accuracy in the right part of the plot is similar to the one in Figure 5.8b; the left part,

instead, which corresponds to the performance queries in extrapolation, portrays a significant

enhancement in accuracy. These improved predictive capabilities in extrapolation stem from the

availability of a synthetic training set provided by the embedded base model. This claim can be

verified by analyzing Figure 5.8a, which reports the accuracy of a Cubist learner trained only

over synthetic data samples: it is easy to see that the left side of the plot is very similar to the

left side of the plot in Figure 5.8b, demonstrating how a bootstrapped learner is able to leverage

the knowledge provided by the base model about the performance of the target application in

unexplored regions of the parameters’ space.

5.4.3 Hybrid Boosting

The conducted evaluation study on the HyBoost technique, described in this section, only fo-

cuses on analyzing the effectiveness of this technique depending on the characteristics of the

white and black box models for two considered case studies. The only tuning parameter of

this technique, in fact, would be the size and the composition of the chain, i.e., the number of
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Concluding  remarks



Time  to  reconcile  
black-­box  &  white-­box  modeling

• White	
  and	
  black	
  box	
  modelling	
  are	
  not	
  
antithetic	
  techniques!

• They	
  can	
  be	
  effectively	
  used	
  in	
  synergy
– Increased	
  predictive	
  power	
  via	
  analytical	
  models
– Incremental	
  learning	
  via	
  black	
  box	
  models

• Presented	
  three	
  gray	
  box	
  methodologies:
– Divide	
  and	
  conquer,	
  Bootstrapping,	
  Boosting
– Use	
  case:	
  transactional	
  data-­‐grids	
  in	
  the	
  cloud



Open  questions  (1/4)

• The	
  3	
  presented	
  methodologies	
  are	
  only	
  
some	
  possible	
  approaches

• Design	
  space	
  is	
  largely	
  unexplored
• Any	
  other	
  way	
  of	
  using	
  white-­‐box	
  models	
  

and	
  machine	
  learning	
  in	
  synergy?

Boosting

Divide	
  and	
  conquer Bootstrapping



Open  questions  (2/4)
• Convergence	
  of	
  model	
  coupling	
  in	
  divide	
  

and	
  conquer	
  schemes

• Fixed	
  point	
  recursion
vs	
  iterative	
  schemes

• Sufficient/necessary
conditions	
  for
convergence? ML	
  predicts	
  input	
  

parameters	
  for	
  AM

AM	
  predicts	
  input	
  
parameters	
  for	
  ML



Open  questions  (3/4)

• Which	
  gray	
  box	
  modelling	
  
methodology	
  to	
  choose?

• Can	
  we	
  infer	
  the	
  best	
  gray	
  box	
  
technique	
  by	
  analyzing	
  the	
  error	
  
distribution	
  of	
  the	
  AM	
  model?



Open  questions  (4/4)
• White	
  box	
  models	
  are	
  normally	
  

understandable	
  by	
  humans

• Not	
  necessarily	
  true	
  for	
  gray-­‐box	
  models,	
  e.g.:
– bootstrapping	
  a	
  Neural	
  Network	
  with	
  an	
  AM
– boosting	
  an	
  AM	
  with	
  a	
  decision	
  tree

• Can	
  we	
  distill	
  a	
  “corrected”	
  white-­‐box	
  model	
  
that	
  preserves	
  human-­‐readability?



THANK	
  YOU

Questions?
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