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Why Energy Efficiency?
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“ Today” Future

Decrease energy consumption!



Why Green Software?
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• E.g., Datacentres 1% of Global Energy

• ICT surpassed Aeronautic Industry

• Intel: “We can reduce the software 
energy consumption up to a 90%”

• Heterogenous technology: Cyber 
Physical Systems, the Cloud, Edge 
Computing, IoT, Virtual Networks…

• Wireless devices with large energy 
demands and low capacity batteries. 



Objective:
Minimise the Energy and Runtime

Automatically Analysing Alternative Features

of Complete Software Configurations
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1. Variability Modelling

Very Simple Variability Model Example

• CPSs need different types of features: Boolean, Numerical and String

• CPSs have complex constraints:
• E.g., Bluetooth and (Ethernet = 1000) requires (Vendor = “(Media|Real)tek Inc.”) 
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Cyber Physical System (CPS)

Bluetooth
[Yes, No]

Ethernet 
[10, 100, 1000]

Compression
[Yes, No]

Vendor 
[Char*]

Connectivity

[1..2]

Cost: 9 €Cost: 30 €

Energy: 5 WYes

1000  Intel 

Energy: 7 W

Yes

 Intel 
Yes
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1. Variability Modelling

Very Simple Variability Model Example

• CPSs need different types of features: Boolean, Numerical and String

• CPSs have complex constraints:
• E.g., Bluetooth and (Ethernet = 1000) requires (Vendor = “(Media|Real)tek Inc.”) 
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Cyber Physical System (CPS)

Bluetooth
[Yes, No]

Ethernet 
[10, 100, 1000]

Compression
[Yes, No]

Vendor 
[Char*]

Connectivity

[1..2]

Cost: 9 €Cost: 30 €

Energy: 5 WYes

1000  Intel 

Energy: 7 W

Yes

 Intel 
Yes

Boolean Variability Models present many Limitations when Modelling CPSs
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1. Variability Modelling

Very Simple Variability Model Example

• CPSs need different types of features: Boolean, Numerical and String

• CPSs have complex constraints:
• E.g., Bluetooth and (Ethernet = 1000) requires (Vendor = “(Media|Real)tek Inc.”) 

• Qualities Attributes (QAs) interact at different levels: Feature/Variant-wise.
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Cyber Physical System (CPS)

Bluetooth
[Yes, No]

Ethernet 
[10, 100, 1000]

Compression
[Yes, No]

Vendor 
[Char*]

Connectivity

[1..2]

Cost: 9 €Cost: 30 €

Energy: 5 WYes

1000  Intel 

Energy: 7 W

Yes

 Intel 
Yes

Feature-wise QAs CANNOT ACCURATELY MODEL configuration space QAs
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2. Quality Measuring
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ISO/IEC 25010

Functionality Reliability Usability Maintainability Portability Compatibility Security

Time Energy

Efficiency

OR... ... ... ... ... ... ...

Quality Model: Standard ISO/IEC 25010

• Energy consumption is too complex for feature-wise modelling.
• Quality Models (QMs) of CPSs should support variant-wise QAs.
• Unfortunately, QMs are disconnected from the feature-space.

• Integrate variability, QAs modelling and measured values.

• We need tooling expertise to measure energy consumption.

• We cannot automatise the measurement of large heterogenous spaces.
• E.g., Linux Kernel 2.6 configuration space size is ~102000 configurations.

Variant-wise Modelling and Measurement of Large 
Heterogeneous Configuration Spaces is hard
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3. Automated Analyses

• An SPL approach provides the tools to analyse large variability spaces.

• We need many operations: satisfiability, counting, sampling, optimisation, etc.   

• Different solvers for different problems ordered by best performing:

• #SAT for counting Boolean SPLs.

• SATisfiability for Boolean SPLs.

• Constraint Programming for simple arithmetic SPLs.

• Satisfiability Modulo Theory for complex arithmetic.
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Not enough for real-world CPSs models as
Variant-wise QAs are not natively supported



Research Questions
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RQ1: How can we extend the state-of-the-art (Boolean) solvers to automatically
support NFMs without performance degradation?

RQ2: How can we automatically provide energy efficiency insights when
dealing with colossal, partially unknown, and partially-measured solution
spaces based on NFMs and variant-wise QAs?

RQ3: How can we properly unify extended NFMs and QMs while having the
native support of automated reasoning tools?



Big Picture
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Extended 
Variability

Energy 
Efficency QA

Energy Efficiency of 
Cyber-Physical

Systems

Answer to RQ3
Quality-Aware

Unified 
Reasoning

Answer to RQ1 
Optimal

Numerical 
Reasoning

Answer to RQ2
Eco-Assistant

Hybrid 
Reasoning

HADAS

SAVRUS

QVM Reasoning

Nemo2

Ranking

Plugin/Services

Statistics/Plots

Bit-Blasted NFM

Report

Pareto

Problem Approach Implemented Tools Results



BACKGROUND
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Feature-Oriented Software Product Lines and Quality Attributes

We need feature models that support numerical features, feature-wise QAs and 
variant-wise QAs - RQs[1-3]

• Classical Feature Models (FMs): 1st formalisation of Boolean VMs.

• Numerical FMs: FMs that support arithmetic (e.g., Integer).

• Extended FMs: FMs that support feature-wise QAs with aggregation formulas.

• E.g., Cost QA aggregation is a simple Addition of individual costs.

• Other representations of Boolean VMs

• Propositional Formulas (PF)

• Binary Decision Diagrams (BDD). They are the fastest for counting-based operations.
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Quality Models are disconnected from Feature Models
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Sampling, Statistics and Machine Learning for QAs

• Representative subspace by sampling: T-wise, Random, Recursive and Probabilistic - RQs[1-3].

• Statistical significancy: 𝑥2 and Mann-Whitney U (MWU) - RQs[1-2].

• Regression Approximation of QA values: k-Nearest Neighbourgs (kNN) - RQ2[SAVRUS].

• Transfer Learning: Rank interactions by Scores function - RQ2[SAVRUS].

We need techniques that help to identify the energy eater features 

without measuring and analysing the complete configuration space

Transfer
LearningSampling

Energy eater
feature

Metrics
Data

Predictions
and Optimisation

Insights

Machine Learning
Regression

Normality
Statistical

Test



RQ1 Approach
Optimal Numerical Reasoning
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RQ1 Contribution 1

Bit-Blasting: Encode Numerical Features as bits, and arithmetic as PF clauses:
• Bit-vectors are signed integers by Big-endian binary two’s complement encoding.

• Arithmetic: equality (=), inequalities (≠,>, >), addition (+), subtraction (-), multiplication 
(*), division (/), and modulo (%). 

Munoz et al. – The Journal of Systems and Software 204 (2023) 111770
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RQ1 Contribution 2

Definition of our own NFM language and support of the fastest reasoning tools
formats: FMs in Universal Variability Language (UVL), DIMACS and PF.
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Munoz et al. – The Journal of Systems 
and Software 204 (2023) 111770



RQ1 Tool Support: 𝑁𝑒𝑚𝑜2 - https://github.com/danieljmg/Nemo2_tool
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Numerical
Feature Model

SAT Solvers Model Counting

Modeling Expert

 [No] Complete Definition

Nemo  
Syntax

Nemo
Model

Extending
a Model?

[Yes]
+

Define Extension

Classic
Feature Model

Tseitin s CNF
Propositional

Formula

X xor Y
 ...

TXT

UVL

Universal Variability
Language Model

Propositional
Formula

Nemo
Bit-Blasting

Output

DIMACS
or UVL 
Model

DIMACS

BDD Solvers

Large Software 
Product Line

Product Line
Description

Build Binary 
Decision Diagram

Propositional Formula 
with Conjunctive 

Normal Form Enconding

#SAT Solvers

Bit-
Blasted 
Model

Sampling & Learning

Generate Products

With 𝑵𝒆𝒎𝒐𝟐 the 
fastest solvers now 

support NFMs
Munoz et 
al. – The 
Journal 
of 
Systems 
and 
Software 
204 
(2023) 
111770

https://github.com/danieljmg/Nemo2_tool


RQ1. Benchmarking 𝑵𝒆𝒎𝒐𝟐 Scalability
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𝑵𝒆𝒎𝒐𝟐 can bit-blast up to 12 bit-widths arithmetic operations in seconds

Munoz et al. –
The Journal of 
Systems and 
Software 204 
(2023) 111770



RQ1. Models Evaluated
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Munoz et al. – The Journal of Systems and Software 204 (2023) 111770



RQ1. Results and Answers
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With 𝑵𝒆𝒎𝒐𝟐, classical solvers can count and sample real-world NFMs 

configuration spaces of sizes of < 𝟏𝟎𝟐𝟒𝟖 and < 𝟏𝟎𝟒𝟓 respectively 

Munoz et al. – The Journal of Systems and Software 204 (2023) 111770



RQ1. Results and Answers
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With 𝑵𝒆𝒎𝒐𝟐and URS, we find optimals near 1.4% of the absolute 
optimal. With SRS we assure an optimal configuration near the 0.8%. 

Munoz et al. – Proceedings of the 23th ACM International Systems and Software Product Line Conference

Near-Optimal: Uniform Random Sampling (URS) / Statistical Recursive Search (SRS) + Mann-Whitney U (MWU) 



RQ2 Approach
Eco-Assistant Hybrid Reasoning
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Munoz et al. – Proceedings of the 26th ACM International Systems and Software Product Line Conference

• Variant-wise: Valued QAs of sets of features that form complete configurations.

• The QA values are too heterogeneous to define an accurate aggregation formula. 

• Consequently, they cannot be modelled in a extended NFM. 

RQ2 Main Focus: Variant-wise QAs
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eNFM

Root

A=n A=m
A=l

Fc
Fb

Fa

Faa
Fab

Fca
Fcb

Quality 
Model

X:Y:Z

...

ID    Name    Domain    Parent

-          X              Z                 -*
...

Quality Model

ID   Name   Cardinality   Parent

1     Root        XOR           1*
2        Fa         XOR            1*
3       Faa        XOR            2*
4       Fab        XOR            2*
5        Fb         XOR            1*
6        Fc          XOR           1*
7       Fca         XOR           6*
8       Fcb         XOR           6*

Feature

ID    Name     Value      Feature

1         A             n                 3*
2         A             m                4*
3         A             l                   5*

Feature Attribute

RQ2: Contributions 1 and 2

1. Define a database schema to store QMs with valued variant-wise QAs in  
collaborative relational database.

2. Develop a PHP algorithm that soft-links extended NFMs and Energy values by 
indexing configuration leaves IDs. Technically: Clafer↔PHP Query↔MariaDB.



RQ2 Tool Support: HADAS - https://hadas.caosd.lcc.uma.es/
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 Developers

Extended NFM
Of CPSs

HADAS

Energy
Consumers

Energy
Context

Energy Efficiency
Repository

Energy
Measurements

Design

Implementation

HADAS Eco-Assitant

Form
(Default Interface)

 Researchers

Sustainability
Charts + x2 Statistics

Sustainability 

Analysis

Generated Data

Valid
Configurations

Insert
Metrics

Energy 

Consumers

Charts
&

Insights
Visualisation

Experiments Results

>HADASforPH PWebServices

>Energy Consuming Concerns

Security

...
Communications

Distribution...
>

>Client/Se rver

Client

>Server

> Svr.  Technologies

> Svr.  Energy Context

Input 
Data 

Format
(CSV)

Software
System

Micro-service
Features 
Selection

HADAS Micro-Interfaces

NetBeans

Eclipse...

Valid
Configurations

𝑥𝑖 ≡ Feature i
𝑦𝑖 ≡ QA 
σ𝑦𝑖 ≡ Estimated error

Munoz et al. – Computing, 
100:1155–1173, 2018

Outliers?

https://hadas.caosd.lcc.uma.es/
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RQ2: Contribution 3

Interactive user interface for energy and runtime statistical reasoning

Cross detected!

Boolean

Statistics and Meta-data shown
by passing the mouse pointer

Select One NF as the x-axis

Numerical

Two types of graphs
for each QA

Energy Consumer!
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RQ2: Contribution 4

IDE Plugin that dynamically parses the code as features, and connects to HADAS 
microservice to suggest energy/time/trade-off efficient alternatives

Munoz et al. – Future 
Generations in 
Computer Systems, 
vol 91, 2019

HADAS

Advices
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RQ2: Third-party and Own Energy Measurements

• Green-Miner, Green Scaler and Green Oracle energy measurements CSV of Java 
collection classes and Android applications.

• PHP benchmarks provided by the Phoronix Test Suite.

• Low level C-compiler energy readings with the MAGEEC measurement board from the 
University of Bristol – provided in a research stay in the micro-controllers group.  

Munoz et al. – Future Generations in Computer Systems, vol 91, 2019
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RQ2: Evaluation with a Survey to Experienced Developers

• 17 participants with different expertise evaluated HADAS with a Likert scale.

Professional programmers recommend HADAS usage 3.9/5

Munoz et al. – Future Generations in Computer Systems, vol 91, 2019
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RQ2: Benchmarking HADAS Scalability

Munoz et al. – Tool Proceedings of the 23th ACM International Systems and Software Product Line Conference

HADAS processing is in the ms region for common CPSs analyses
The number of features affects more than the configuration space
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RQ2: HADAS Results and Answers

HADAS reduced the energy consumption of CPSs up to 70%
and of web servers running PHP services up to 25% 

Munoz et al. – Computing, 100:1155–1173, 2018
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RQ2: Partially Measured Colossal Configuration Spaces

What will happen if
the Configuration
Space is Partially

Measured?

Who wants to 
manually measure

the energy
consumption of 
10200 different 
configurations?

• Measure the energy consumption of large spaces is unfeasible.
• Automatise the measuring of heterogenous systems is unfeasible.
• Build energy models is computationally complex and they are inaccurate.
• We need some advices and in short times – developers are not patience.

What can we do?
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RQ2: Unfortunately….

It is 
unsolvable
and here

finish this RQ



RQ2 Contribution 5: SAVRUS - https://hadas.caosd.lcc.uma.es/savrus.php
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SAVRUS Strategy

Sampling Options
and Constraints

k-Nearest 
Neighbourghs

Transfer
Learning

Normality
Statistical Tests

Sorting

Weighted Noteworthy 
Features and Interactions

Advice
Highlighted

 in the Model

Variability Model

Quality Attributes
Measurements

Analysis
Inputs

Solver-based
Sampling

Data
1

2

3

4

5

6

7

8
Legend:

Step X x

Modular algorithm based in machine and transfer learning:
• Re-work HADAS for partially measured spaces.

• Step 3 Sampling: SRS or Diversified Distance-Based Sampling (DDbS) to generate a subspace.

• Step 4 Regression approximation:
• kNN to approximate unmeasured samples.

• N-dimensions Manhattan distance: |𝑋1−𝑌1| + |𝑋2−𝑌2| + ... + |𝑋𝑛−𝑌𝑛|
• Step 5 Statistical noteworthiness test: 

• Detect interactive features to the energy consumption up to 3-Wise*.
• MWU to assured a 95% of interaction confidence.

• Step 6 Transfer learning* from previous SAVRUS executions: Scores of Local Outlier Factor [0,1].

Munoz et al. – Knowledge-Based Systems 270 (2023) 110558

https://hadas.caosd.lcc.uma.es/savrus.php


36/67

RQ2: Contribution 5 and SAVRUS Tool Result

Munoz et al. – Knowledge-Based Systems 270 (2023) 110558

3-wise* features ranked by their effect to energy 
consumption (or another QA)

SAVRUS Algorithm



RQ2: Real-World Models Evaluated in SAVRUS
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Munoz et al. – Knowledge-Based Systems 270 (2023) 110558

• We need a large and partially measured space to test the results of SAVRUS.

• We need completely measured spaces to test coverage and accuracy of 
SAVRUS. In each execution we degrade differently their measured space.



RQ2: SAVRUS Results and Answers
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Munoz et al. –
Knowledge-
Based Systems 
270 (2023) 
110558

GEC up to 90% energy consumption reduction by performing a 
sequence of SAVRUS analyses with just 3% samples of the

0.25% measurements of the total space



RQ2: SAVRUS Results and Answers
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Munoz et al. – Knowledge-Based Systems 270 (2023) 110558

• SAVRUS generates a correct ranking of noteworthy features and 
interactions in average ~80% of the times with a similar coverage

• SRS is more accurate but slower than DDbS



RQ2: Benchmarking SAVRUS Scalability
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Munoz et al. – Knowledge-
Based Systems 270 (2023) 

110558

SAVRUS has base runtime of ~1 minute, taking less than 3 minutes 
for comprehensible executions and ~7 minutes in the worst cases.
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RQ3



RQ3: Unify Variability and Quality Modelling
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• CPSs require quality-aware and advance reasoning:

• Classical operations: SAT, compute configurations, model counting, etc.

• Quality-aware operations: QAs SAT, generate/count measured spaces, etc.

• Interactions between QAs: Constraints between Feature-wise and Variant-wise QA values.

• Optimisation: Multi-objective, valued trade-offs, etc.

How can I define that an
aggegated feature-wise
QA is interacting with a 

variant-wise one?

Do I really need to
maintain an extended 
FM and a Database?

Formally define a unified extended NFM and valued QM standard



RQ3 BACKGROUND
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Why Are You Using the Exotic Category Theory? – Reviewer X

Just focus on 
the reddish 

boxes
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Category Theory supports everything natively

Munoz et al. – Proceedings 
of the 33rd International 
Conference on Advanced 

Information Systems 
Engineering CAISE



Fundamentals of Category Theory
Algebraic theory of mathematical structures to capture and relate similar aspects 

of structures while abstracting from the individual specifics.

• Category: A set of Objects and Arrows in a labelled directed graph.

• Objects: A structured template 𝑋 ∈ 𝑂𝑏(𝐶), graphically depicted as a node •𝑿.

• Arrows: A structure-preserving function 𝑎 ∈ 𝐴𝑟𝑟(𝐶) with source and target 
objects and identity and composition properties depicted •𝑿→𝒂•𝒀.

• (Generalised) Element: Arrows to data domains. 
• E.g., •𝑿𝒆𝟏→𝑵𝒂𝒎𝒆 𝑺𝒕𝒓𝒊𝒏𝒈

• Functor: A process F between categories depicted •𝒄𝟏→𝑭•𝒄𝟐.

• Instance: Set-valued functor that assigns values to elements.
• E.g., •𝑿𝒆𝟏→𝑵𝒂𝒎𝒆 "𝑱𝒂𝒗𝒂", and •𝑿𝒆𝟐→𝑽𝒂𝒍𝒖𝒆 𝑻𝒓𝒖𝒆
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RQ3 Approach
Quality-Aware Unified Reasoning
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RQ3: Contribution 1 – The Categorical QVM 
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Munoz et al. – Proceedings of the 33rd International Conference on Advanced Information Systems Engineering CAISE



RQ3: Instantiating a QVM 
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Schema (defines SPL structure)

Features
Feature Level 

Qualities
has

Configuration

Set of IDs

IDs Binary 
Relationship

Has

Configuration 
Level Qualities

Has

QualitiesSet of IDsVNS Quality-Aware Space

VNS Configuration Space

Extended Feature Model

U = 6 U = 2
U = 2

VNF

Kubernetes
Manager

Main
Testnet

Firewall
Gateway

Quality 
Model

Performance

Energy:
Integer:
Joules

Domains

String 
Domain

Integer
Domain

Data 
Manipulation

Functions

Cross-tree
Constraints

Boolean
DomainHas

Feature Instances

Manager

Main ...

Gateway

Qualities Instances

Energy Joules

1 2 n...

Attribute Instances

U 6 2

Has

Has

Has

Has

Has

Same Space

Same Space

Legend

Categorical Object

Feature Feature Level Quality

UsabilityU

Quality AttributeQA

Relationship
(Arrow)



RQ3: Modelling a CPS QVM in CQL IDE
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#Extended Numerical Variability Model Arrows

feature : VM -> String # Feature Name

value : VM -> Integer # Numerical Feature Value

domain : VM -> String # Feature Domain (Boolean by default)

cardinality : VM -> String # Children cardinality ([x..y])

cost_USD : VM -> Integer # Feature-wise Quality Attribute Cost

# Quality Model Arrows

name : Qn -> String # Quality Name

value : Qv -> Integer # Quality Numerical Value

domain : Qd -> String # Quality Domain

# IDs for configuration relationship

id : CCs -> Integer #Identify each Complete Configuration

# QMC SPAN (binary relation between CCs and sets of QAs)

phi : QMC -> Integer # "Point" to a Complete Configuration

psi : QMC -> Integer # "Point" to a set of Valued Quality Attributes

# IDs for QAs relationship

id : QAs -> Integer #Identify each set of Valued Qs

schema MyVMCategory = literal : Ty {………………….} 
Instance CPSQVM = literal : QVMCategory {
# Equations defining the CPS extended NFM
# Equations for the 63 measured configurations of the CPS
# Equations defining QAs values and its metrics of CPS
# Equations connecting configurations to QA values}

1

2

3

5

1 2 3 4

4

5

Munoz et al. – Proceedings 
of the 26th Software Product 
Line Conference SPLC
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RQ3: Contribution 2|The QVM Framework - https://www.categoricaldata.net/

Munoz et al. – Proceedings of the 26th 
Software Product Line Conference SPLC

Formal and algorithmic definition of the QVM Quality-Aware Operations

Optimal, as we only query
the required objects

https://www.categoricaldata.net/
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Queries

Reusables
CATEGORICAL
SPL SCHEMA

Objects:

Domains

Arrows

SPLs
ExpertFRAMEWORK (CQL IDE)

INSTANCE

P𝐵𝑜𝑜𝑙

C𝐵𝑜𝑜𝑙

FA

FB FCCOMPOUNDED OPERATIONS
e.g., 2 random samples

DECOMPOSITION
e.g., 2-Limit * Random

REUSABLE OPERATIONS

CATEGORICAL RESULTS 
SCHEMA

ID𝐼𝑛𝑡𝑒𝑔𝑒𝑟 Product𝑆𝑡𝑟𝑖𝑛𝑔𝑠
0 {FA, FB, FC}
1        {FA, FB}

Results

Reasoning /
Analysis

Requirements
and Constraints

Initial
Data

Reasoning / 
Analysis

Structure

RQ3: Usage of the QVM Framework - URS



RQ3: CPS Filter Reasoning in CQL IDE
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Energy=<18 & Runtime =<10
(36 out of 63 configurations)

QA FILTER Reasoning

We
implemented

in CQL IDE 
the Quality-

Aware
Reasoning
Operations
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RQ3: Real-world QVMs Evaluated 

Munoz et al. – Proceedings of the 26th Software Product Line Conference SPLC
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RQ3: Results

Munoz et al. – Proceedings of the 26th Software Product Line Conference SPLC



RQ3: Answers

• QVM is a category that formally integrates into a unifying model the variability 
and quality information, natively supporting any feature, QA, and constraints 
among them.

• The QVM framework defines QAs lambda operations for quality-aware 
reasoning supported by the categorical solver CQL IDE. 

• The evaluation reached a total of 11 different operations, and on average, this 
framework was the fastest in 5 different real-world SPLs compared to popular 
reasoners.
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Thesis Publications, Awards, Research Stays and Projects
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• A total of 18 Publications:
• 4 JCR Indexed Journals, divided in two Deciles 1, and two Quartiles 2.
• 5 GGS Indexed Conferences, divided in four GGS 2 and one GGS 3.
• 1 HADAS Tool Demonstration paper and poster in a GGS 2 Conference.
• 2 Workshop papers in a GGS 2 Conferences.
• 1 Doctoral Symposium paper in a GGS 2 Conference.
• 1 International IEEE Conference.
• 4 National Conferences.

• A total of 3 Awards:
• Best Student Paper Award in the International Conference ES2DE 2017.
• Top 2 Excellence Young Scientist 2018 award of Sevilla and Málaga by the Fundación IMFAHE.
• Top 22 thesis in progress of Universidad de Málaga in 2022.

• 3 Competitive International Research Stays.
• 3 Months at the University of Texas in Austin, USA. Supervised by Prof. Don Batory (Mención).
• 4 Months at the University of Bristol, UK. Supervised by Prof. Kerstin Eder.
• 6 Months at the KTH, Sweden. Supervised by Prof. Dilian Gurov

• 8 Research Projects, being 1 International H2020 funded and acting as Task Leader:
• Codenames: HADAS, MAGIC, TASOVA, DAEMON, MEDEA, LEIA, RHEA, and IRIS.



Highlighted Thesis Publication 1:
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Title: Uniform Random Sampling 
Product Configurations of
Feature Models That Have 
Numerical Features

Authors: Daniel-Jesus Munoz,
Jeho Oh,
Mónica Pinto,
Lidia Fuentes,
Don Batory

Conference: 23th ACM International 
Systems and Software 
Product Line Conference 
(SPLC 2019)

GGS Class: 2

Publication Date: September 2019
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1. We can encode NFs and arithmetic constraints into bitvectors and PFs to 
perform efficient optimal configuration search with a minimum performance 
degradation (e.g., seconds).

2. We can connect the variability with databases of energy consumption
information with index-based processes. This creates the measured space. 

3. If the measured space is colossal, incomplete, and biased, we can follow a 
modular sequence with competitive runtime, coverage and accuracy: solver 
based sampling, lazy learning, statistical tests, transfer learning and weighted 
sorting.

4. Category theory can unify the extended NFM and QM as a category, as well 
as define quality-aware operations for categorical solvers like CQL IDE.
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• Integrate machine and transfer learning techniques into our QVM framework.

• Improve some 𝑆𝐴𝑉𝑅𝑈𝑆 modules:

• Learning by self-trained Neural Networks.

• kNN by Approximate Nearest Neighbourgs. 

• Replace the relational database by alternatives like non-relational.

• Test other algebras techniques taken from Geometry and Topology.

• Test other algebraic tools like Coq and Agda.

• Formalise calculus for Quality-Aware reasoning like Newton to count.

• Represent and solve variability and quality as systems of equations.

• Migrate our tools and techniques to other areas like distributed systems.
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