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Machine learning and optimization

• A lot of research activity going on in two directions:

• Helping ML algorithms through optimization techniques

• Boosting optimization via ML

• survey in [Bessiere et al. , 2016]

• this is what this talk is about



Boosting optimization via ML

• Boosting optimization via ML:

ConAq [Bessiere et at 2017], Model Seeker [Beldiceanu and Simonis, 
2012],  using intermediate language [Lallouet et al. 2010], [Lallouet
and Legtchenko, 2007], [Bessiere et al. , 2017b]

See the tutorial of Bistra Dilkina at the Master Class
see also [Mairy, 2011], [Bello et al. , 2016], [Hottung et al. , 2017]

• ML for modeling

• ML for search

• ML for portfolio selection and algorithm configuration
[Hutter et al. , 2011], [Hutter et al. , 2014], [Xu et al. , 2008], 
[Malitsky and Sellmann, 2012]



Motivating Examples



An example problem: traffic light placement



An example problem: traffic light placement

Add/remove traffic light over a whole city
Traffic lights can be connected (green wave)
Every operation has a cost (and there is a budget)
Probably other constraints (not considered)
Improve traffic figures 

HP: we want to solve it! What is the toughest obstacle?



An example problem: traffic light placement

Add/remove traffic light over a whole city
Traffic lights can be connected (green wave)
Every operation has a cost (and there is a budget)
Probably other constraints (not considered)
Improve traffic figures

Assessing the effect of traffic light
placement on the traffic levels:

Impossible via expert-designed declarative models
Human behaviour – complex system

HP: we want to solve it! What is the toughest obstacle?



Assessing the effect of traffic light
placement on the traffic levels

Traffic light placement: decidables
Traffic levels: observables 

WE WANT TO LEARN THE IMPACT OF DECIDABLES 
ON OBSERVABLES

and 
CAST THIS INTO AN OPTIMIZATION MODEL



A second example: policies for PV adoption
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Given a target of PV adoption to be achieved
Decide which incentives to give
Every incentive has a cost (and there is a budget)
Probably other constraints (not considered)
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A second example: policies for PV adoption

Given a target of PV adoption to be achieved
Decide which incentives to give
Every incentive has a cost (and there is a budget)
Probably other constraints (not considered)

HP: we want to solve it! What is the toughest obstacle?

Assessing the effect of incentives on PV adoption:
Impossible via expert-designed declarative models

Human behaviour – Social Dynamics



Assessing the effect of incentives on PV adoption

Incentives: decidables
PV adoption levels: observables 

WE WANT TO LEARN THE IMPACT OF DECIDABLES 
ON OBSERVABLES

and 
CAST THIS INTO AN OPTIMIZATION MODEL



A third example: thermal aware allocation on HPCsA third example: thermal-aware workload dispatching



A third example: thermal aware allocation on HPCs

Given a target heterogeneous platform and a workload
Decide workload (tasks) dispatching
Every task has a thermal dynamics (and there is a thermal controller)
Load balancing constraints
With thermal limits

A third example: thermal-aware workload dispatching



A third example: thermal aware allocation on HPCs

Given a target heterogeneous embedded platform and a workload
Decide task allocation and scheduing
Every task has a thermal dynamics (and there is a thermal controller)
Probably other constraints (not considered)

HP: we want to solve it! What is the toughest obstacle?

A third example: thermal-aware workload dispatching



A third example: thermal aware allocation on HPCs

Given a target heterogeneous embedded platform and a workload
Decide task allocation and scheduing
Every task has a thermal dynamics (and there is a thermal controller)
Probably other constraints (not considered)

HP: we want to solve it! What is the toughest obstacle?

Assessing the effect of workload allocation on thermal 
dynamics:

Possible with simulation based on differential 
equations of the thermal dynamics BUT not 

manageable by combinatorial optimization techniques

A third example: thermal-aware workload dispatching



A third example: thermal aware allocation on HPCs

Assessing the effect of workload allocation on 
thermal dynamics:

Workload allocations: decidables
Core temperatures: observables 

WE WANT TO LEARN THE IMPACT OF DECIDABLES 
ON OBSERVABLES

and 
CAST THIS INTO AN OPTIMIZATION MODEL



A strong combinatorial structure

What do these problems have in common?

Part of the problem is not easily described through a 
manageable declarative model  

We have access to problem data (historical, simulated, real) to 
create a training set

Decisions influence predictions and vice versa



How can we learn the relation 
between decidables and 

observables?



A third example: thermal aware allocation on HPCs

Given a target heterogeneous HPC platform and a workload
Decide task allocation and scheduing
Every task has a thermal dynamics (and there is a thermal controller)
Probably other constraints (not considered)

A third example: thermal-aware workload dispatching

Assessing the effect of workload allocation on thermal
dynamics:

We have access to the monitoring
data of the real system



Thermal Management for Multicore Systems

Intel SCC
Single-chip Cloud Computer
• 24 dual core CPUs (48 cores)
• Network on Chip (a full-

fledged LAN in silicon)
• 4 Memory Controllers



Overheating is bad:
• Risk of chip damage
• Reduced performance
• Reduced lifetime
Traditionally:
• Reactively reduce operating 

frequency or core shutdown
• Poor performance

Proactive techiniques:
Thermal aware workload 
dispatching and frequency control
• Thermal model needed

Thermal Management for Multicore Systems



The thermal behavior of a 
multicore system depends on:
• The room temperature
• The workload of each core
• The chip fabric
• The position of cores and heat 

sinks
• Heat transfer between cores
• On-chip thermal controllers

Thermal Management for Multicore Systems



• Effective computational 
models (thermal simulators), 
but too slow for being 
embedded in an optimization 
algorithm (10s of seconds)

• Declarative models hard to 
define: currently strongly 
simplified models designed by 
experts, or tailored for a 
specific platform

Thermal Management for Multicore Systems



Empirical Model Learning - EML

Start from a set of observations extracted from runs on a real 
system

Sample the allocation space by running the system with different inputs 
of workload dispatching 
Produce a training set126 A. Bartolini et al.
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Fig. 2. Temperature and power dynamics on a single experiment

We computed optimized workload allocation and frequency assignments for both
the target platforms, by running each approach for 90 seconds on an Intel Core 2
T7200, 2GHz; the resulting solutions were executed on the simulation framework,
with all cores starting from a room temperature of 26.5◦C. Since all considered
variants make use of approximated thermal model, there is no theoretical guar-
antee for the dominance of one approach over another: the use of simulation to
evaluate the results ensures a fair comparison and a reliable effectiveness assess-
ment. Moreover, since the optimized solution are evaluated via simulation, the
results are unaffected by any numerical issue in the models.

The typical thermal behavior exhibited by the NN approach solutions is de-
picted in Figure 2, showing both temperature and power dynamics for a single
experiment; each line in the graphs corresponds to a PE: as one can see, after
an initial transient behavior the temperature becomes pretty stable, thanks to
the thermal aware allocation.

Next, we compared the final (simulated) peak temperature obtained by each of
the considered approaches; the results are shown in Figure 3, depicting for the 40
instances the distribution (histogram) of the difference THH−TNN (in dark grey) and
TPP−TNN (in light grey). For the considered configuration, discrepancies of around
1-2◦C were found to be already significant; as one can see, the network based ap-
proach is consistently better than the HH one and even improves (on average) the
PP approach, which is known to use a very good temperature proxy measure.

In order to investigate the effect of non-homogeneity, we performed a sec-
ond evaluation after having asymmetrically pre-heated the target platforms; in
this case the starting temperature for each core are 31.05◦C, 33.55◦C, 35.75◦C,
36.48◦C. The resulting differences in the final peak temperature are shown in
Figure 4; as one can see the advantage of the NN approach becomes more rel-
evant, due to the inability of the surrogate objective functions to capture the
initial asymmetry.



Learn an approximate function via Machine Learning

Empirical Model Learning - EML

f: dispatching         temperature

Start from a set of monitoring data from the real system: 

temp_(0)

acpi_3

acpi_2

acpi_1

acpi_0

temp_3(Δ)

Average CPI



Start from a set of observations
Learn an approximate function via Machine Learning

Embed this “empirical model” inside an optimization model

Empirical Model Learning - EML

min z = f(~y)

subject to: ~y = g(~x)

all manner of complex constraints

...



In principle……
we can have a combinatorial problem solver
and a black box tool to test the solution

Combinatorial 
Optimization 
component

solution

Black-box solution 
evaluator

evaluation

Can be very expensive
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System
Simulator

evaluation

Can be very expensive



In principle……
we can have a combinatorial problem solver
and a black box tool to test the solution

Scatter search + 
predictors of the 

simulation outcome

solution

System
Simulator

evaluation

Note: these predictors 
enable a selection of 

solutions to be sent to 
the simulator

Can be very expensive

[OptQuest M. Laguna, 2011]



In principle……
we can have a combinatorial problem solver
and a black box tool to test the solution

What if the black box tool is a machine learning model?

Combinatorial 
Optimization 
component

solution

Machine learning 
model

evaluation

Can be expensive to 
train but after training it 
is very efficient to use

Surrogate models: [Henao, Maravelias, AIChE 2011], [Cozad, Sahinidis, Miller, 2014] 



In principle……
we can have a combinatorial problem solver
and a black box tool to test the solution

What if the black box tool is a machine learning model?

Combinatorial 
Optimization 
component

solution

Machine learning 
model

evaluation

Can be expensive to 
train but after training it 
is very efficient to use

Still….. a generate and test mechanism



Empirical Model Learning – EML

In EML the learned model is embedded into the optimization
component and used to actively reduce the search space
during execution

Combinatorial 
Optimization 
component

Machine learning 
model



Empirical Model Learning – EML

In EML the learned model is embedded into the optimization
component an used to actively reduce the search space
during execution

Combinatorial 
Optimization 
component

Machine learning 
model

Not limited to objective functions, 
but also constraints and any relation 
between decidables and observables

Lombardi, Milano, Bartolini, Empirical
Decision Model Learning, AIJ (244), 2017



Empirical Model Learning – EML

What is the difference between EML and the traditional use of 
ML models?

Traditional approaches work forward

Workload
dispatching

Core 
temperaturesML model



Empirical Model Learning – EML

What is the difference between EML and the traditional use of 
ML models?

ML model

EML works forward and backward

Workload
dispatching

Core 
temperatures

The ML model becomes a constraint: given temperature 
limits we remove combinations of workload decisions that

lead to inconsistent temperatures



A third example: thermal aware allocation on HPCsThermal-aware workload dispatching

Given n tasks m cores
ΣjΣi xij =  1 

Σi xij = n/m  Load balancing
Other constraints (e.g. scheduling)
xij is 1 if task i is allocated on core j

COMBINATORIAL COMPONENT

min (max tempj)
ΣjΣi xij ≤  1 
Σi xij = n/m 
EM(x, temp)

Other constraints (e.g. scheduling)

xij is 1 if task i is allocated on core j

One NN per core

MACHINE LEARNING MODEL



How to cast a ML model into a 
combinatorial optimization one?



Empirical Model Learning – EML

The questions are: 
1) how do we embedded Machine learning models into a 

combinatorial model?
2) How do we provide operational semantics to these models so 

that they can actively prune the search space?

We will explore: 
• Neural Networks
• Decision Trees
In different optimization techniques: CP in the talk, but also
MINLP/ILP, SMT



Artificial Neural Networks

• Computational model, consisting of parallel computation units
(neurons) connected in a network structure

• Usually: no cycles (feed-forward) and multiple layers

input hidden output



Artificial Neuron = scalar function with vector input

• "a" is the neuron activity
• "f" is the activation function
• weights are obtained in the learning phase

Artificial Neural Networks

The activation function is a monotonic non-decreasing function of 
the neuron activity 

Bartolini, Lombardi, Milano, Benini, Neuron Constraints to Model
Complex Real World Problems, CP2011.



Neural Networks in a Combinatorial Model

A Neural Network is a declarative (nonlinear) model

• Can be embedded in a MINLP model directly

1. We should insert variables for NN inputs and outputs in the model
2. Insert the NN non linear equations in the model



Neural Networks in a Combinatorial Model

act.function([X], Y, [W], b)

A Neural Network is a declarative (nonlinear) model

• Can be embedded in a CP model via variables and constraints
• Here: artificial neuron = a global "neuron constraint"

Output variable
Weights Bias

Input variables



Structure of the Neuron Constraint

• An internal variable A for the neuron activity
• Bound consistency on the equality:

• Similar rules for minima
• The value                        is replaced by                                                   

to avoid precision errors
• Filtering from Y to A and from A to Y

Filtering for the activation function:
1.
2.

We can combine many neuron constraints in a artificial neural 
network global constraint: ann(output, inputs)
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EML: CP model

Problem data:
§ n tasks (with CPI values)
§ Each task is assumed to run indefinitely
§ m = 48 cores
§ Room temperature

Decision variables:

Balancing constraints:
Roughly the same number of tasks per core



EML: CP Model

Equivalent allocation variables:

Average CPI per core (FEATURE COMPUTATION):

Neural Network: collection of act_function constraints

Objective:

annj(ctempj , ACPIj , ACPIngbr . . . , rtemp)

min max
j2cores

ctempj

Bartolini, Lombardi, Milano, Benini, Optimization and 
Controlled Systems: A Case Study on Thermal Aware 
Workload Dispatching, AAAI 2012



Results
364 M. Lombardi et al. / Artificial Intelligence 244 (2017) 343–367

Table 6
Solution quality of several approaches as measured on the target system. The values within square brackets are standard deviations of the efficiency of the 
platform cores (for a single solution), rather than standard deviations taken over multiple runs.

# ACPI wACPI FEAT ANN0 ANN1

LS LS LS CP CP

sim (%) sim (%) sim (%) sim (%) sim (%)

0 53.5 (14.3) 53.1 (8.3) 58.5 (7.7) 63.8 (6.3) 60.8 (7.0)
1 56.8 (11.1) 52.1 (10.8) 62.8 (7.5) 63.4 (6.7) 65.0 (7.5)
2 53.9 (13.8) 59.7 (9.0) 56.4 (9.1) 58.4 (7.7) 58.0 (8.5)
3 50.2 (13.7) 54.0 (9.2) 48.7 (7.8) 64.3 (7.0) 60.9 (9.1)
4 61.0 (10.8) 53.2 (8.1) 50.0 (8.5) 60.0 (7.2) 46.7 (10.7)
5 52.5 (13.2) 52.5 (8.4) 56.7 (7.6) 65.7 (6.7) 59.2 (7.9)
6 58.1 (12.5) 57.1 (10.6) 56.6 (8.1) 62.9 (7.3) 60.2 (9.1)
7 51.9 (13.3) 58.3 (8.9) 59.6 (8.5) 65.1 (6.4) 67.2 (7.0)
8 60.3 (11.1) 58.7 (8.7) 56.4 (10.5) 63.4 (6.5) 65.2 (7.7)
9 60.1 (11.1) 63.0 (10.1) 60.0 (7.2) 67.7 (5.7) 65.4 (6.6)

10 61.8 (11.6) 53.4 (12.0) 56.2 (9.0) 65.2 (6.7) 62.9 (7.9)
11 59.2 (11.8) 50.1 (8.4) 48.8 (8.3) 57.1 (6.1) 56.0 (10.3)
12 57.0 (11.9) 59.2 (9.2) 56.1 (9.8) 65.2 (7.8) 63.5 (8.3)
13 50.0 (11.0) 54.2 (7.8) 55.1 (8.4) 63.9 (6.4) 59.1 (8.5)
14 51.6 (14.9) 55.6 (8.7) 57.2 (8.9) 59.5 (7.7) 65.2 (7.3)
15 55.3 (11.6) 55.2 (10.1) 60.2 (9.6) 63.1 (7.3) 61.7 (7.1)
16 51.8 (12.1) 56.6 (8.3) 50.8 (7.9) 63.9 (8.0) 56.9 (9.6)
17 60.5 (12.3) 64.7 (9.8) 60.0 (7.2) 67.5 (6.2) 65.7 (8.0)
18 51.0 (12.8) 51.7 (9.0) 55.6 (8.0) 63.5 (6.8) 66.5 (7.3)
19 54.3 (12.5) 53.1 (10.8) 56.6 (8.4) 63.8 (8.3) 66.0 (8.5)

Fig. 7. Simulated efficiency values for LSbal(ACPI). (For interpretation of the references to color in this figure, the reader is referred to the web version of 
this article.)

The solution approaches based on ANN models obtained in general better results than those with a linear objective, 
including the FEAT model for which the coefficients were obtained via linear regression. The advantage is in terms of both 
the minimum efficiency and the standard deviation. The results obtained with the more accurate network (ANN0) tend in 
turn to be better than those obtained with the simplified ANN1.

The results of the simulation for the ACPI and the ANN0 models can be observed in detail in Fig. 7 and Fig. 8. Each 
subfigure corresponds to an instance, and each tile within a subfigure corresponds to a core (we recall that the platform has 
an 8 × 6 layout). Green/red tiles respectively denote higher/lower efficiency values: a full red corresponds to 50% efficiency, 
while a full green to 100%. The LSbal(ACPI) approach (Fig. 7) is often able to obtain fairly balanced workloads. However, the 
produced mappings do occasionally lead to abnormally low efficiency for some cores. This happens even in cases where the 

Heat generated on the cores by 
MILP using an expert design model

Heat generated on the cores by 
the EML approach

M. Lombardi et al. / Artificial Intelligence 244 (2017) 343–367 365

Fig. 8. Simulated efficiency values for CPbal(ANN0). (For interpretation of the references to color in this figure, the reader is referred to the web version of 
this article.)

solution is close to optimal: by cross-checking the results with those of Table 4 , it is possible to see for example that very 
low efficiency values occur on instance #15, where the cost function has value 2.76 against a bound of 2.80. The efficiency 
maps from Fig. 8, corresponding to the solutions provided by CPbal(ANN0), are much more uniform.

By comparing the results of Table 6 with those from Table 4 , it can be seen that the predicted (minimum) efficiency 
levels tend to be 5–10% higher than the real values. On this regard, there are two interesting facts to observe: first, despite 
the significant error level, the CP solutions (with the ANN0 model) are very well balanced in terms of efficiency: this 
suggests that the overestimation tends to be similar over all cores. Second, the error level is of the same order of the largest 
errors in the EM evaluation from Section 7. This strengthens the idea that the optimizer may be attracted by solutions 
with a high predicted quality, but also a large margin of error. This behavior, although certainly not ideal, is actually not 
totally undesirable: in fact, it may provide a systematic approach to make the Empirical Model more robust by including 
the simulated solutions in the training set. This method may allow us to improve the model robustness without the need 
to increase dramatically the training set size. We leave the investigation of this idea as a topic for future research.

9. Concluding remarks

We have proposed here a methodology (called Empirical Model Learning) for merging Machine Learning and optimization 
by extracting decision model components from data, which may come from a simulator or from the real system. Our 
emphasis is on defining techniques for embedding ML models in Combinatorial Optimization, which should be designed so 
that the optimization engine can exploit the ML model for boosting the search process.

We have discussed the main steps of the methodology, using as motivating and running examples two thermal-aware 
workload dispatching problems. The ML techniques adopted are Artificial Neural Network and Decision Trees that have been 
encoded in Local Search, Constraint Programming, Mixed Integer Non-Linear Programming (only ANNs) and SAT Modulo 
Theory (only DTs).

Designing a good empirical model may still be a non-trivial task, but allows for better accuracy w.r.t. to expert designed 
heuristics. Experiments show the clear advantages of using a data-extracted model in terms of quality of the final solutions. 
Constraint Programming has been shown to be particularly effective, due to the expressive modeling language and the 
filtering algorithms.

Further improvements may be obtained by increasing the accuracy of the Empirical Models: for example, using Instruc-
tions Per Clock rather than CPIs allows to better characterize computation-intensive jobs, i.e. the most critical for efficiency 
prediction. We have tested this approach and found that it leads to significant improvements over ANN1, but not over ANN0.

The Empirical Model Learning approach enables the application of optimization techniques to complex real world prob-
lems that used to be either very hard or impossible to tackle. As a main benefit, the approach opens up new application 
areas. In particular, EML may be instrumental in bridging the gap between predictive and prescriptive analytics.

Solution Approach:
§ Model solved via Large Neighborhood Search (LNS)
§ First solution via a CPI balancing heuristic



Three encodings:
Meta-constraints
Table constraint
Other encodings

How to cast a decision tree in a combinatorial model

Decision Trees Optimization
Model

Extension: Random Forests Bonfietti, Lombardi, Milano: Embedding 
Decision Trees and Random Forests in CP, 
CPAIOR 2011



Decision Tree
Input: tuple of attribute values
Output: a class

numeric attribute

symbolic attribute

branch labels

class labels



Classification example

A: 30, B: 20, C: 1



Classification example

A: 30, B: 20, C: 1



Classification example

A: 30, B: 20, C: 1
class = 1



How do we embed a DT in CP?
A decision variable for each attribute
A ∈ {-inf, inf}
B ∈ {-inf, inf}
C ∈ {0, 1}

A decision variable for the class
Y ∈ {0, 1}

Enforce consistency on:

This is the tricky part



Encoding #1

A path is an 
implication

[A > 20] ⋀ [C = 0] ⋀ [B > 20] [Y = 1]⇒



Encoding #1

[A > 20] ⋀ [C = 0] ⋀ [B > 20]

A path is an 
implication

[Y = 1]

The tree defines
all the paths

([A > 20] ⋀ [C = 1]) ⋁

([A ≤ 20] ⋀ [B ≤ 10] ⋀ [C = 1] ⋀ [A > 10])

( ) ⋁

⇔



Encoding #1

A path is an 
implication

The tree defines
all the paths

Polynomial size 
Polynomial time propagation 
Does not enforce GAC
Very suitable for SMT

Can we do better?



Encoding #2

Path ↔ set of feasible 
assignments

A B C Y
21 21 0 1
21 22 0 1
21 23 0 1
… … … …

We can use a
table constraint!

Issue #1
numeric attributes
use discretization

Bessiere, Regin, IJCAI 97



Encoding #2

Path ↔ set of feasible 
assignments

A B C Y
21 21 0 1
21 22 0 1
21 23 0 1
… … … …

Continuous attributes can be discretised using the 
splitting thresholds appearing in the tree
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instance number

Solution quality
20 instances, 48 cores, 288 jobs
CP with LNS against Localsolver, 90 sec time limit



More compact encodings: 
• use an MDD
• use compressed tuples
• convert to a sNNF - sdNNF
• decomposition approaches

Variants
• Random forests
• Regression trees
• Multi-output trees

Technical report



Concluding remarks



Ease of embedding (a EM in a global constraint)
Flexibility and modularity (the EM is “just a constraint”)

But CP is very well suited for EML!

EML enables combinatorial optimization over 
complex real world systems

It’s not the only solution…
…and it does not need to be about CP

In a nutshell:



Ease of embedding (a Neural Network in a global constraint)
Flexibility and modularity (the EM is “just a constraint”)

But CP is very well suited for EML!

It’s not the only solution…
…and it does not need to be about CP

Which issues shall we address to make it work?

In a nutshell:

EML enables combinatorial optimization over 
complex real world systems



You can always embed a ML in (e.g.) Local Search
Can CP work better?

Yes (we have data)! Mainly thanks to propagation

Issue #1



You can always embed a ML in (e.g.) Local Search
Can CP work better?

Yes (we have data)! Mainly thanks to propagation

Issue #1

We need inference methods for ML models 
(e.g. bounds on the I/O of a Neural Network)

Inference should be effective (tight bounds)
Inference should be efficient
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more accurate less accurate

slow, weak propagation effective propagation

Risk: poor quality solutions Risk: apparently good solutions



Issue #2

There is an accuracy/optimization trade-off
How to characterize it?
Can we find design rules?

Complex ML models Simple ML models
more accurate less accurate

slow, weak propagation effective propagation

Risk: poor quality solutions Risk: apparently good solutions

We are currently working on Deep NN with a Google Faculty Award



A typical training set in ML looks like this:
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The ML model provides a prediction for every input value
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The optimizer will search for the best one (HP: prediction = cost)
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If this is far from known examples, there may be a large error
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If this is far from known examples, there may be a large error

Issue #3
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Input configurations

True
value

How do we choose representative observations?
Borrow concepts from black-box optimization, surrogate 

model construction by adaptive sampling



Many ML model provide estimated confidence levels

Issue #4

Can we take them into account when optimizing?



Many ML model provide estimated confidence levels

Issue #4

Can we take them into account when optimizing?

Some ML models can deal with uncertain inputs

Can we employ EML in stochastic optimization?

Some errors are more important than other



Extensions

Hierarchical optimization:
The higher levels in the hierarchy do not need to know all the 
details of the lower levels.
We can learn their behaviour and cast this into the higher level
oprimizer

Off-line/on-line optimization
Let the off-line solver learn the behaviour of the on-line one



Material

https://emlopt.github.io/

Description
Application examples
Resources: 

1. Papers, 
2. Running survey, 
3. EMLlib embedding techniques, 
4. Pre- and post- processing methods
5. I/O support (in particular readers for popular ML libraries)
6. Tutorial with an hands-on example



Thanks for listening!
Questions?


