Advanced Engineering Informatics 50 (2021) 101419

o %

ELSEVIER

Advanced Engineering Informatics

. . . . .
Contents lists available at ScienceDirect 2

ADVANCED: ENGINEERING,

INFORMATICS

journal homepage: www.elsevier.com/locate/aei

»

Check for

Context-aware cognitive design assistant: Implementation and study of e
design rules recommendations

Armand Huet ™, Frédéric Segonds®, Romain Pinquie ", Philippe Veron °, Jerome Guegan °,

Antoine Mallet ¢

@ Arts et Metiers Institute of Technology, LCPI, HESAM Universite, 75013 Paris, France
b Univ. Grenoble Alpes, CNRS, Grenoble INP, G-SCOP, Grenoble, France
€ Arts et Metiers Institute of Technology, LISPEN, HESAM Université, F-13617 Aix-en-Provence, France

d Capgemini DEMS, Toulouse, France

¢ LaPEA, Université de Paris and Univ Gustave Eiffel, Boulogne-Billancourt, France.

ARTICLE INFO

Keywords:

Design rule
Computer-aided design
Knowledge graph
Knowledge management
Context-Awareness
Cognitive assistant
Recommendation system
CACDA

ABSTRACT

Design rules are an essential interface to facilitate the information exchange between designers and experts.
Despite many innovations in Knowledge-Based Engineering and Knowledge Management, unstructured design
rules documents are still widely used in the manufacturing industry. Due to the complexity of the design process,
these documents often contain hundreds of design rules, applicable in varying design contexts. Searching for the
right rules according to a design context is demanding in time and cognitive resources. In this paper, we propose
a Context-Aware Cognitive Design Assistant (CACDA) to capture the design context and perform tasks such as the
recommendation of design rules, the verification of design solutions, or the automation of design routines.
Contrary to existing works in model quality testing, the CACDA uses a proactive approach of design rules
application and helps designers to provide error-free designs on first attempt. In this paper, we present the design
rules recommendation system of the CACDA, its capabilities and its implementation. Then, to measure the impact
of design rules recommendations on the design process, we compare our approach with the use of traditional
design rules documents. Results show that the use of the CACDA’s design rules recommendations lower the
perceived difficulty of design rules retrieval from 75 to 43.5 on a scale of 100. On average, participants that used
the demonstrator successfully applied 8.6 design rules on the 25 applicable design rules of our set. Participants
that used unstructured documentation correctly applied 4.3 design rules. The global cognitive weight of the
design activity as well as the design rules retrieval performances appear to be unchanged. These results
demonstrate the usability of the demonstrator and show a positive impact on the design process and on the
quality of CAD models. Future works will focus on the overcome of the main limitations of our current exper-
iments, with a panel of professional designers, a lager design rules set and the implementation of several lacking
features of the CACDA into the demonstrator.

1. Introduction

necessary. This is why companies sum up their collective knowledge in
prescriptive design rules that, in a specific design context, will guide

1.1. Context designers toward better designs.
Design rules are essential to the industry as they limit the number of
In the manufacturing industry, an ideal mechanical part should bring flawed designs and push toward better design habits. It is a common

an innovative and efficient answer to a technical issue while having high
performances in every step of the part’s life cycle (easy to design and
reuse, cheap to produce, transport and maintain, etc.). A designer cannot
meet all these expectancies and arbitrate efficiently between them when
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knowledge that the design phase of a project freezes the majority of its
cost [1,2]. Therefore, any design mistake occurring during this phase
will have negative consequences on costs and/or performances later in
the lifecycle. Consequently, manufacturing companies have strong
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incentives to build and maintain design rules documentation.
1.2. Problem

In the manufacturing industry, a tendency of growing design
complexity and the deployment of new and innovative technologies,
lead to an ever-increasing number of design rules to consider when
building a part. In fact, many challenges of the industry of the future will
be primarily handled by the creation of new design rules [3].

Moreover, design rules are often stored in unstructured or semi-
structured documentation in natural language. While easy to develop,
this support is unsuitable to efficiently retrieve design rules. Despite
companies moving toward model-based definition [4], designers still
have to search the design rules adapted to their design context into PDF
documents of hundreds of pages. From example, we studied several
proprietary design manuals currently used by an aerospace company.
These design rules documents represent a total of about 1900 pages that
designers need to go through to identify applicable design rules. More-
over, several validation cycles can be necessary to insure the absence of
design errors in a model. The time and effort dedicated to design rules
retrieval and validation is lost for design creativity and CAD modeling,
thus diminishing the productivity of the detailed design phase.

1.3. Proposal

Existing design assistants in the industry or in academic research are
not adapted to manage large quantities of design rules in natural lan-
guage [5]. They cannot process all the types of design rules written in
industrial documents. Moreover, most of them adopt a CAD centric
reactive approach to design rules application where the machine checks
rules once the design is done. To replace unstructured design rules
documentation, there is a need for a user centric solution that proac-
tively process and distill relevant design rules. This is why we propose a
Context-Aware Cognitive Design Assistant (CACDA) that will be able to
perform on the fly design rules recommendations based on the user’s
design context. In a previous work, we presented the knowledge graph
developed to structure — in a computable format — the information
required to perform the CACDA’s functions [6]. In this paper, we present
in detail the implementation of the CACDA prototype, especially the
design rules recommendation system. We demonstrate the usability of
this demonstrator and investigate its impact on the design process of a
major company of the aerospace industry.

In the first part of the paper, the literature review, we briefly remind
the definition of our design assistant, especially its main capabilities,
and the knowledge graph that structures the design rules in a comput-
able format.

In the second part of the paper, we concentrate on the adaptation of
an existing recommendation system that runs reasoning operations on
the knowledge graph to distill the right design rules according to the
current design context.

In a third part of the paper, we measure the impact of our approach
on the design process. We present design experimentations realized with
the CACDA demonstrator where 14 participants had to model a CAD
part while searching applicable design rules. The CAD part is inspired
from an existing aerospace part and the set of design rules comes from
the design manuals of a large aerospace company. We compare our
approach, supported by the CACDA, with the use of traditional design
rules documentation.

2. Literature review

2.1. Presentation of the Context-Aware cognitive design assistant
(CACDA)

Our proposal to improve the retrieval and application of design rules
is to develop a Context-Aware Cognitive Design Assistant.
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2.1.1. Cognitive assistant

A cognitive assistant, also called a knowledge-based agent or an
expert system, is a software that tries to enhance human-machine ca-
pabilities and performances in complex tasks [7]. They simplify users’
interactions with knowledge bases, allowing them to focus on crucial or
creative tasks. Design assistants that focus on design rules for the
manufacturing industry are classified as 3D Model Quality Testing tools
by Gonzalez-Lluch et al. in their literature review [8]. These tools have a
CAD centric approach. They try to detect design flaws in 3D models so
that designers can correct them. The “traditional” approach is proce-
dural and consists in representing design rules by exploration algorithms
that scan the 3D model. Commercial software currently used in the in-
dustry adopt this approach [9,10] and research teams work to improve
these exploration algorithms [11,12]. Recent scientific works explore a
new approach of 3D quality testing based on a semantic representation
of design rules [13-15]. In these approaches, design rules are often
manually written in code like SWRL or pseudo-code like SADL. How-
ever, significant progress have been made in the automated capture of
design knowledge into computable semantic relations [16-19]. These
technologies lead to more flexible CAD quality software that integrate
varying design rules. In recent works, Yang et al. use these technics to
develop a new software for model quality analysis [20,21].

Despite recent progresses, most solutions rely on formal geometrical
rules and require expert knowledge to edit or modify the definition of
design rules. Moreover, the CAD centric approach implies constant
validation cycles and corrections from the designer. Conversely, a
designer centric approach would focus on the designer’s need and
ensure he/she is in the best conditions to avoid design errors and make
the best design possible at the first attempt. In fact, if many sources can
be found on the digital performances of model quality testing tools, only
few case studies measure the impact of these tools on the design process.
There is a need for a design assistant oriented towards designers guid-
ance and instruction [22] to replace unstructured design rules docu-
mentation in the industry.

To meet this need, Kim et al. present the structure of a Virtual Design
Assistant based on deep learning technologies [23]. The goal of this Al
platform is to model unstructured design language and extract design
requirements in order to provide design suggestion to designers. In the
same effort to develop a proactive approach of design rules application,
we propose a Context-Aware Cognitive Design Assistant. The CACDA
performs personalized services to a designer based on his/her design
context. One of its services is to perform on the fly design rules recom-
mendations based on a knowledge graph featuring design rules linked to
structured contextual information. This user-centric approach is neces-
sary to integrate seamlessly design rules recommendations and design
guidance to the design process. By facilitating the retrieval of relevant
design rules in near real time and supporting design workflow, our goal
is to guide designers toward error-free designs and to replace unstruc-
tured design rules documentation in manufacturing companies.

2.1.2. Context-awareness

Context-awareness is the capability for a software to sense and react
to contextual information [24]. Contextual information has a broad
definition that can apply to any relevant information concerning the
user and/or the software [25]. Context-awareness is frequently used for
information retrieval to establish user-centric recommendations
[26,27]. Moreover, context histories can be used to improve recom-
mendations and provide analysis based on users past activities [28-30].
Several authors deployed context-aware systems in factories [31-33].
We propose to develop a design assistant that links design context to
design rules knowledge in order to perform design rules recommenda-
tions on the fly. To the best of our knowledge, this approach does not
exist in the literature. The use of context-histories analysis could lead to
the identification and automation of routine design operations to
improve the design process further more. A technology of context pre-
diction [34] could be used to anticipate these routine designs and



A. Huet et al.
question the user about their automation.

2.1.3. Context-Aware cognitive design assistant (CACDA)
As presented in previous work [6], CACDA is defined as follow:

“A context-aware cognitive design assistant is a seamless, ubiquitous and
intelligent computer program that senses relevant information that can be
used to characterize the situation of a designer and provide, without
explicit user intervention, relevant information and/or services to the
designer, where relevancy depends on the designer’s task”

The core service of the assistant is to perform on the fly design rules
recommendation. However, other services can be expected like design
routine detection and help in design validation. In this paper, we focus
on the design rules application aspect of the CACDA, structured in three
main functions, presented in Fig. 1. The first function is to capture design
rules from enterprise documentation and model them in a knowledge
graph. The second function is to perform design rules recommendations
and help the designer to identify design rules that apply to his/her
design context. The third function is to guide the designer in the respect
of identified design rules. In this paper, we focus on the implementation
and study of services one and two, which are the main pillars of the
CACDA.

2.2. Knowledge graph

In its core, a knowledge graph is a set of data structured in a graph.
This representation is essential in many application fields [35] including
recommendation engines [36] and context-aware systems [37,38]. A
crucial step in the development of CACDA is therefore to build a graph
data model adapted to its functionalities.

2.2.1. Graph databases

Graph databases are NoSQL databases that use a graph representa-
tion of data. Due to the growing need for knowledge graphs in many
domains, several industrial graph database services emerged recently. A
comparison between the most frequently used graph databases can be
found in [39]. Graph databases like NEO4J have flexible structures that
allow an easy manipulation of data structure. In order to use a graph
database as knowledge base for a specific usage, a property graph data
model is needed. The property graph data model, presented in [40],
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imposes a graph structure adapted to specific applications. Therefore, a
specific graph data model is essential to develop the CACDA.

2.2.2. Data model of the CACDA

The CACDA’s property graph data model must be adapted to CAC-
DA’s services functions as described in Fig. 1. In order to perform design
rules recommendations based on contextual information, both must be
stored in the data model. We build on the graph data model presented in
[6,41]. Design context is structured in four different dimensions or sub-
contexts. The semantic sub-context models semantic information of the
design context, including design rules knowledge and domain specific
words and concepts. The engineering sub-context models technical
knowledge of the manufacturing company, manufacturing process and
tools for example. The social sub-context models social relations in
design teams. The IT sub-context models the digital environment of the
designer, especially the CAD model on which he/she is working. For

Fig. 2. Semantic sub-context of the CACDA graph data model.

[
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Fig. 1. Functional process of the Context-Aware Cognitive Design Assistant’s core service.
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example, Fig. 2 presents the graph data model of the semantic sub-
context.

A consolidation process serves to link all four sub-contexts resulting
in a unique knowledge graph. It is therefore possible to link design rules
with contextual information and perform design rules recommendations
based on the design context.

2.3. Recommendation engine

Object recommendation in graph databases is a vast and dynamic
field of research. In this chapter, we will review some of the most
frequent approaches to object recommendation. The goal of a recom-
mendation algorithm is to extract from a database, information that is
relevant to a user. Recommendation systems are classified in two main
categories, collaborative filtering and content-based filtering. However,
as research in this domain is very dynamic, authors regularly propose
new approaches [42,43]. The goal of the review is to identify the most
relevant approach to develop CACDA’s demonstrator.

2.3.1. Collaborative filtering

The main idea of collaborative filtering is that users who rate items
similarly or have similar behaviors will probably share similar interests.
Therefore, collaborative filtering algorithms use users’ ratings and ac-
tivity to recommend content. This strategy is manly used to perform
recommendations based on users’ preferences in various domains, such
as social medias [44] and movies recommendation [45]. Collaborative
filtering algorithms often rely on a bi-partite weighted graph composed
of two labels, items and users [46]. Weighted relations in this graph
correspond to users’ ratings of items. Algorithms use this data to
compute similarity scores between users and items. When a user asks for
a recommendation, collaborative recommendation systems will recom-
mend items that are the most similar to him/her. Authors explored a
large variety of approaches to perform this task. For example, Huang et
al. propose a context-aware collaborative filtering system [47]. Su and
Khoshgoftaar propose a survey of existing collaborative filtering tech-
nics in [48].

2.3.2. Content based filtering

Content based recommendation systems recommend items to a user
based on items’ representation and a profile of the user’s interest [49].
The traditional content-based approach represents user interest by a list
of tags (concepts, subjects or genres) a user is interested in. This list can
be deduced by a user’s profile or by the user’s history. Then, as every
item in the database is linked with one or more tags, the system can
compute a similarity score between the user and an item based on the
tags they share. A standard method for similarity measures is cosine
similarity [5S0] but many others exist.

2.3.3. Path analysis

The recent deployment of new technologies like natural language
processing and context-awareness led to new types of heterogeneous
graphs. A standard approach to perform recommendations in a hetero-
geneous network is based on path analysis. Authors use path analysis to
compute similarity measurements between nodes in a graph [51,52].
For example, authors use path analysis methods in semantic graphs to
compute semantic similarities between texts, sentences or words
[53-55]. In a recommender system based on this approach, a “user set”
of nodes represents the user interest [56]. The system selects nodes that
are the most similar to the user set. However, similarities between nodes
are complex to compute — they require the exploration of every paths
between the two nodes considered — and many are required to perform
recommendations. Therefore, this approach is not adapted to real time
recommendations in a graph database that is continuously evolving in
real-time.

Bogers proposes ContextWalk, a path analysis method based on a
random walk that performs recommendations on a context graph [57].
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In a graph of N nodes, the author considers a vector space of N di-
mensions where each dimension represents a node. A position proba-
bility vector V is defined by Equation (1), where V(i) is the value of V in
the dimension i and represents the chance for the position to be on the
node i.

N

V(i) € [0,1]; ) V(i) =1 @)

i=1

Equation (1) : Position vector

The author also considers a matrix X named transition probability
matrix, where X(i, j) is the chance, if positioned on the node i, to move to
the node j in the next step. The behavior of the transition probability
matrix is described in Equation (2), where V,, is the position probability
vector of the graph after n steps.

Vi1 = VX 2

Equation (2) : Step in the graph with the transition probability matrix

The random walk begins with the initial vector V, that represents the
user interest. The user and/or the system can select any set of nodes to
initiate the random walk. During the walk, all sub-contexts are explored
simultaneously. After n steps, the system reads recommendation results
in the vector V,. In fact, V, associates every node in the graph with a
probability score. The system simply recommends the k most probable
nodes in a specific category. This category can be a specific label, like
movies in the example of the author, but it can also be an entire sub-
context in order to suggest contextual elements of potential interest.

2.4. Summary of the state of the art

In the first part of this chapter, we presented the Context-Aware
Cognitive Design Assistant and defined its core functionalities:

Cognitive assistants are software aimed at enhancing human-
—machine capabilities in complex tasks. Existing cognitive assistants for
design rules application concentrate on the identification of design er-
rors in a CAD part model. This CAD centric approach lead to a reactive
application of design rules where designers need to correct their mis-
takes afterward. There is a need for cognitive assistants with proactive
approach of design rules application. Such tools would proactively guide
designers in their search and application of design rules knowledge to
improve the design process. This is why we consider this approach as
designer centric. Through our review of literature, we highlight the lack
of papers on proactive, designer centric cognitive assistants as presented
in Table 1. This is why we propose a new cognitive assistant, the CACDA.

The CACDA is a context-aware software. It can model contextual
information and use it to provide services to the designers. Context-
awareness is frequently used to develop user-centric information
retrieval systems. We propose to use a context-aware system that per-
forms used centric design rules recommendations as the foundation
element of the CACDA.

In the second part of the literature review, we presented the pro-
priety graph data model used by the CACDA to model design rules and
contextual information into a knowledge graph. The design context is

Table 1
Synthesis of related works.

CAD centric approach
Reactive application of design rules

Number of papers: 8
[8,11-15,20,21]

Designer centric approach Number of papers : 2
Proactive application of design rules [6,23]

CAD centric approach = focus on the detection of errors in CAD design (geometry
and topology)
Designer centric approach = focus on designers’ need for information and
guidance during the design process
Reactive application of design rules = Detection and correction of design errors
after they occur
Proactive application of design rules = Preventing design errors from occurring
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divided into four different sub-contexts: semantic, engineering, social
and IT. These sub-contexts are all represented and interconnected in the
knowledge graph in a way that allows the CACDA to perform its ex-
pected functionalities.

The last part of our literature analysis is focused on recommender
systems. We reviewed most frequent recommendation approaches,
which are collaborative and content-based filtering. The most adapted
strategies to perform context-aware recommendations on heterogeneous
multi-dimensional domains are based on path exploration algorithms.
These algorithms rank items that are the most linked to a set of initial
nodes representing the user interest. We reused the ContextWalk [57]
algorithm for the CACDA design rules recommender system.

3. Proposal

This chapter presents the demonstrator of the CACDA’s design rules
recommender system. The goal of this demonstrator is to perform design
experimentations that demonstrate how context-awareness helps to
satisfy design rules. It is also a demonstration of the usability of our
approach, our software architecture and user interface. In order to be
representative of a manufacturing industry use-case, it has to provide
two services (see chapter 2.1.3):

e “Model design rules into a knowledge graph”,
e “Suggest design rules according to the designer’s need”.

The third service cannot be developed without obtaining sound re-
sults with the first two services. The demonstrator will model CACDA’s
knowledge graph into a graph database and use it to perform design
rules recommendations to a designer. In this paper, our demonstrator
captures two sub-contexts: the semantic sub-context and the engineering
sub-context. The social sub-context and the IT sub-context are currently
under prototyping.

First, we will focus on the recommendation algorithm and its inter-
action with the knowledge graph. Then we present the software archi-
tecture and the implementation of the demonstrator.

3.1. Recommendation algorithm

In order to develop a recommender system for our assistant, we chose
to adapt the ContextWalk proposed by Bogers [57]. In fact, a random
walk over the knowledge graph has several advantages:

e As highlighted by the author, the system is easy to adapt to different
domains and data-models.

e The system is adapted to heterogeneous knowledge graphs as the
algorithm explores every sub-contexts simultaneously to perform
recommendations. Every node explored during the random walk is
ranked. Therefore, the system can recommend design rules but also
coherent contextual elements that can be used as contextual filters.
The implementation of new sub-contexts or new contextual elements
is very easy. In our case, it allows us to keep the same recommen-
dation system while adding new sub-contexts and contextual
information.

The initial probability vector can feature any weighted set of nodes.
In our use-case, the user can select keywords but also any contextual
filters like semantic concepts and technical elements that will in-
fluence recommendation results.

In the ContextWalk system as presented by Bogers, contextual ele-
ments do not have relations between them and each sub-context con-
tains only one label. Our sub-contexts are by comparison complex
networks with multiple labels. When building our probability transition
matrix we need to create a list of nodes ordered by sub-context and then
by label. The system then associates a node to its index in the list. Labels
and sub-contexts are associated with arrays of consecutive indexes in the
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list. These indexes are used to build the transition probability matrix and
to read results vectors, as presented in Fig. 3. To recommend design rules
to the user, the system selects the most probable nodes of the area
associated with the label Rule. To select contextual filters from the en-
gineering sub-context, the system reads the area associated with this
sub-context.

Once every node is indexed, our algorithm builds an adjacency ma-
trix A where A(i,j) is equal to one if a relation exists between node i and
node j or is equal to its weight if this relation is weighted. A(i,j) is equal
to zero if no relation exists between nodes i and j. To obtain our tran-
sition probability matrix we need to row normalize this matrix so that
the sum of each row is equal to one. Bogers introduces a self-transition
probability @ equal to 0.7 in order to slow down the graph exploration.
We keep the same value for @ and insure an equal weight between sub-
contexts during the row normalization.

3.2. Software architecture

The demonstrator is a Python-based Dash' web application. Its first
function is to model design rules and contextual information into a
graph database. We use NEO4J as a graph database. Our main code in
Python reads and writes in the graph through the library Py2NEO®. The
overall software structure of the demonstrator is presented in Fig. 4.

At the beginning of the implementation, the design rules set used in
the experiment is stored into a semi-structured spreadsheet document.
To build the semantic sub-context, the demonstrator relies on the nat-
ural language processing toolkit Stanford CoreNLP', the thesaurus
WordNet®, and the ontology ConceptNet® to extract, disambiguate and
enrich the semantic sub-context. Fig. 5 shows an example of indirect
links between two keywords resulting from semantic enrichment. More
details on this process are given in [6].

A hand-made dictionary of technical terms extracted from glossaries
defined in our industrial data set is used to identify domain-specific
vocabulary and linked them together in order to build the technical
sub-context. After the end of the graph database writing process, the
system builds the probability transition matrix as described in chapter
3.1. Fig. 6 represents this process, structured in 5 steps:

Step 1: The set of design rules is extracted from a semi-structured
spreadsheet that contains the main statement of design rules, their
source document and the chapter they belong to. The Python pro-
gram captures this information and writes associated Rule, Docu-
ment and Chapter nodes.

Step 2: Each node that contains a text attribute is linked with all
keywords extracted from this text. Keywords linked to Rule nodes are
used for semantic enrichment by linking them to definitions, syno-
nyms and related concepts that are selected after a disambiguation
process.

Step 3: In our demonstrator, the disambiguation process aims at
selecting the most appropriate meaning for a word before semantic
enrichment. This process is essential, as the meaning of a technical
word is very likely to be different from its common sense. Thus, we
consider each WordNet synset of an input word as a potential
meaning of this word. Each synset is associated with a list of words
extracted form WordNet information on this synset (Words of the
definition, synonyms, etc...). The system computes a cosine simi-
larity measure between this list and a large list of words extracted
from our knowledge graph. To build this list, the system selects the

https://plotly.com/dash/
https://neo4j.com/
https://py2neo.org
https://stanfordnlp.github.io/CoreNLP/
https://wordnet.princeton.edu/
https://conceptnet.io/
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Fig. 5. Example of indirect links between keywords “curvature” and “slope”

400 keywords of the graph that have the shortest paths to the input word “turning”. A first synset has the definition: “act of changing in
word. Finally, it selects the most similar synset for the semantic practice or custom”. This synset is associated with a list containing
enrichment of the input word. For example, let us consider the input words like “act”, “change”, “reversal”, “variation” or “entail”. A
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second synset of “turning” has the definition: “the activity of shaping
something on a lathe”. The list of words for this synset contains
words like “shape”, “lathe”, “formation”, “fabrication”, “manufac-
ture”, “material” and “creation”. As more of these words are sus-
ceptible to be present in our graph database, the system will select
the second synset and use its information for the semantic enrich-
ment of the keyword “turning”.

Step 4: The system has a library of technical terms used in the
aerospace industry. The system will add an appropriate technical
label, like “MATERIAL”, to any keyword of the graph database that is
featured in this library. Technical keywords are then manually linked
together.

Step 5: The system builds the transition probability matrix from the

resulting graph.

The second function of the demonstrator is to “suggest design rules
according to the designer’s need”. To realize this function, the demon-
strator has to interact with the designer. It does so through a web user
interface generated by a Python-based Dash web application (Fig. 7).

The designer can enter a set of keywords (1) to initiate a recom-
mendation. Each recommendation returns a list of design rules (4) and a
list of contextual filters named facets in the information retrieval domain
(2). The designer can select these filters (3) to influence future recom-
mendations. For experimental purposes, when the designer selects a
design rule to consult, the demonstrator opens it in a PDF document.
Fig. 8 presents the full process of design rules recommendation, struc-
tured in 6 steps:

Step 1: In the user interface, the designer can write keywords in the
research bar and select contextual filters. When the designer clicks
on update results, the system uses this information to build a list of
input nodes for the recommendation process.

Step 2: From the list of input nodes, the system builds V, and uses it
to initiate the random walk.

Step 3: The system performs random steps and returns a probability
position for each word structured into the vectorVs.

Step 4: The system reads V; to present the list of recommended
design rules as well as the updated list of contextual filters, in the
user interface.
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Step 5: In the results display area of the user interface, the designer
can select one or more design rules and click on an open button. The
system opens selected design rules in PDF pop-ups.

Step 6: The designer reads selected design rules and uses the infor-
mation to design the part.

3.3. Future implementation with a CAD system

Several features are still lacking in the demonstrator and will be
added in future developments. We still have to model two more sub-
contexts into our knowledge graph. We will use experimental data,
presented in the following chapter, in order to build a social sub-context
from real human interactions with the design rules set and the
demonstrator.

We plan to capture the IT sub-context in real time by coding a data
link with a CAD environment. Most CAD software have knowledgeware
APIs that can be used to capture geometrical and logical features. CAD
systems also have exchange protocols to communicate with external
programs. Of course, the capture of the IT sub-context in near real time
requires to update the probability transition matrix. The theoretical
process of updating the matrix is not a challenge. For each new node
added to the graph, a dimension is added to the adjacency matrix to
feature every relation between the new node and the rest of the graph.
Once all new nodes and relations have been added, the row normali-
zation of the matrix is performed again to obtain the updated probability
transition matrix.

We also plan to detect design events into the CAD environment like
the usage of specific modeling tools for example. The demonstrator will
use these events to select initial nodes and directly influence design rules
recommendations in real time. Fig. 9 presents this evolution into the
logical schema of the design rules recommendation process. Two new
steps are added to the recommendation process:

Step 7: The system performs a scan of the CAD environment and
updates the probability transition matrix accordingly.

Step 8: When the system detects an IT event, it automatically adds
related IT nodes to the list of user selected initial nodes and starts a
new research.
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1: Selection of keywords and contextual filters by the user to build V,
2: Initiate random walk with V,

3: Result of random walk: V;

4: List of most related design rules and contextual filters

5: Order to open selected design rules

6: Design rules information processed by the designer

Fig. 8. Design rules recommendation process.
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Fig. 9. Demonstrator future developments.

4. A manufacturing industry use-case for CACDA

The goal of this experiment is to demonstrate the usability of the
CACDA demonstrator in an industrial context and to measure its impact
on the design process. We have asked two groups of participants to
realize the same design activity constrained by the same set of design
rules. As our goal is to replace unstructured design rules documentation,
participants of the control group have access to a large PDF document
that contains our set of design rules. The test group can only access
design rules of the set via the CACDA demonstrator. We used the design
rules to populate the knowledge graph of the assistant and create the
semantic and engineering sub-contexts. Comparison in design perfor-
mances between the two groups will highlight potential benefits and
drawbacks of our approach. It will also enable us to identify any us-
ability issue with the current state of the demonstrator. Unstructured
design rules documentations present an issue when designers have to
model a part while searching applicable design rules. To obtain mean-
ingful results when comparing the two groups, we need to place them in
a situation similar to this design context. This is why we propose an
industrial use-case that models a design context in the aerospace
industry.

4.1. Presentation of the use-case

4.1.1. Design rules set

The design rules set is entirely extracted from proprietary design
manuals developed in the aerospace industry. It features 102 design
rules. In this set, 25 design rules are directly applicable on the test part.
The set of design rules is representative of our input design manuals in
which a wide range of design situations are considered. This is why a
majority of design rules are not relevant to the design situation of our
protocol. Thus, designers have to search for the applicable design rules
contained in the given dataset.

The PDF document of the design rules set is structured in different
chapters to facilitate research, as an industrial documentation would be.
To insure that each group has access to the same information, when a
participant selects a design rule in the user interface of the CACDA
demonstrator, a window containing the selected rules in a form of a PDF

Ppops up.

Fig. 10. Sketch of minimal wall thickness on the initial part.

Fig. 11. CAD model of the pre_milling part.

4.1.2. Design task

Participants are placed in a design situation as close to an industrial
context as possible. They have to realize the detailed design of an
airplane mechanical part. The part is made of aluminum alloy and has to
be manufactured with a 3-axis milling machine. All participants begin
their design on the same CAD model of the pre-machining part presented
in Fig. 11. For experimental purposes, we consider that no sizing
calculation is necessary. Participants must respect minimal thicknesses
for pockets’ bottom and walls that insure acceptable mechanical pro-
prieties. Fig. 10 shows the minimum wall thickness as presented on the
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initial CAD model.
Participants shall achieve four design goals in their CAD modeling
task:

o They shall respect the applicable design rules.

e They shall minimize the volume of their final part.

e They shall design the run-out of the central stiffener inside of the
main pocket. All other stiffeners are at maximum height.

e They shall design the fastened joint of the part with an Aluminum
plate of known dimensions. Once again, no sizing calculation is
required, participants have to minimize the fasteners size and
maximize their number.

These goals are presented to participants on a printed-paper. Par-
ticipants have no further instructions than these four design goals. All
other meaningful information needed for their task is accessible in the
design rule set. Participants are allowed to ask questions about design
goals to ensure that the understanding of the use-case is not a differ-
entiating factor between participants. No question about the design
strategy, the interpretation of a design rule or the set of design rules is
answered. To simplify results analysis, we minimized the number of
possible design outcomes that respect both design goals and design
rules. The Following paragraph presents expected results for each design
step:

The first step is to design the main pocket (Fig. 12).

The second step is to design the central stiffener run-out (Fig. 13).

The minimum thickness for pocket bottom is 4 mm shorter in the top
right end on the part. We expect participants to design a sub-pocket in
order to minimize the volume of their part (Fig. 14).

The final step is to design the fastened joint (Fig. 15).

Participants have no knowledge of these expected design steps. They
can apply any design strategy they want as long as they respect design
goals and design rules (See Table 2).

4.1.3. Measures
We identified four different parameters to measure the performance

Table 2
Design steps of the expected part.
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of the design process. Each parameter is composed of one or more
measures. For each measure, we performed an independent samples t-
test to highlight significant differences in the average scores of each
group.

Design rules retrieval. The research of applicable design rules is an
essential part of this experiment. A design rule is applicable if its in-
formation is necessary to realize an error free design of the test part.
Participants have to register all design rules they intend to use in their
design. Participants have all freedom to add or remove design rules from
their list at any moment. In a participant’s list, we consider applicable
design rules as true positives and other design rules of the set as false
positives. We count as false negatives, applicable design rules of the set
that have not been selected by participants. These results are then used
to calculate precision and recall value. We then calculate the F-factor to
get a score that balances precision and recall. Detailed formulas of these
parameters are given in Table 3.

Design rules application. The score of design rules application is
measured on participants’ final CAD part. For each applicable design
rules of the set, we increase the score of a participant by one if he/she
applied it correctly. Partially applied design rules only count as 0.5
point. We decided to count correctly applied design rules and not design
errors because it would advantage unfinished designs. Indeed, a
participant who didn’t have the time to design the fastened joint will not
make any error on design rules associated with this feature. We also
measure the percentage of design rules correctly identified by partici-
pants but not correctly applied. The final measure of this parameter is
the final volume of the part.

Table 3
Formulas of design rules retrieval parameters (TP = true positive, FP = false
positive, FN = false negative).

Precision TP / (TP + FP)

Recall TP / (TP + FN)

F-factor 2 x (precision x recall) / (precision + recall)
Number of selected design rules TP + FP

Expected design steps of the experimental part

0

Figure 12 : Final part _ main pocket

Figure 13 : Final part _ stiffener run-out

Figure 14 : Final part _ sub-pocket

Figure 15 : Final part _ fastened joint

10
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Time measures. The use of the demonstrator may influence the
duration of the experiment and more specifically the time dedicated to
design rules retrieval. It is not possible in our use-case to differentiate
the time used to find a design rule from the time used to understand and
decide to use this design rule. In fact, our participants perform both
activities simultaneously. This is why we decided, for each participant,
to measure the total duration of the experiment as well as the time that
was not dedicated to CAD modeling. We did not count any time spent on
other activities than CAD modeling and design rules retrieval and un-
derstanding. In order to allow time differences between participants, we
did not impose a maximum duration and participants were free to stop
whenever they want. However, many participants still had time con-
straints and imposed themselves a maximum duration for their task.

Mental workload and perceived difficulty are measured at the end of the
experiment. When a participant decides to stop his/her task, he/she has
to complete a questionnaire. This final questionnaire includes a NASA-
TLX rating scale [58]. The cognitive weight is composed of six
different dimensions. Participants rate the impact of each dimension in
their task, in a scale from zero to one hundred. NASA-TLX is considered
as an appropriate method to measure designer workload and the diffi-
culty of a design task [59,60]. Finally, we asked participants to rate their
perceived difficulty of the design retrieval activity, the CAD modeling
activity and of the overall task. We use the same gradients for perceived
difficulty as for the NASA-TLX measures.

4.2. Protocol

Fourteen engineering students in their last studying year participated
in our experiment. These participants have novice to intermediate CAD
modeling knowledge. They all assisted at least at 40 h of lessons on CAD
modeling during their engineering learning program. A majority of them
already used a small set of ten or less design rules often imposed by a
teacher during educational design projects. We conclude that partici-
pants had no experience in dealing with an industrial size set of design
rules. They also had no knowledge of the set of design rules from the
aerospace industry used in the experiment. We consider that partici-
pants are equipped with design skills but very small knowledge about
design rules. They stand as inexperienced designers in a manufacturing
company.

As presented in

Table 4, our test and control groups are balanced in terms of age,
gender and level of skill in CAD modeling.

4.3. Experimental results

Table 5 presents average results of each group for design rules
retrieval. These results do not show any significant difference between
the two groups. We notice that average values are in line with our hy-
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Table 5
Design rules retrieval performances.

Precision Recall F-factor Number of selected
design rules
Control 0.49 0.18 0.25 8.6
group (SD = (SD = (SD = (SD =5.3)
0.26) 0.13) 0.16)
Test group 0.53 0.26 0.34 12
(SD = (SD = (SD = (SD =3.7)
0.13) 0.04) 0.05)
P-value 0.757 0.155 0.152 0.187

Table 6
Design rules application performances.

Design rules Error percentage on Volume of the

application correctly identified design final part (cm®)
rules
Control 4.29 62.37 465
group (SD = 2.8) (SD = 35.48) (SD = 96)
Testgroup  8.57 24.69 454
(SD =1.3) (SD = 8.56) (SD =37.1)
P-value 0.003 0.155 0.782

Table 7
Time measures.

Total time of the experiment Time of design rules research

Control group 2h 12 min 52 min 18 s

(SD = 15.59 min) (SD = 14.88 min)
Test group 2 h 19 min 48 min 30 s

(SD = 18.18 min) (SD = 20.54 min)
P-value 0.402 0.699

a large difference in average values. These is also no significant differ-
ence measured in the volume of the final part. In addition, for this
parameter also, we notice that the variability is much higher in the
control group for every measure.

Table 7 presents time measures. There is no significant difference
between the two groups for this parameter.

Table 8 presents results on cognitive weight and perceived difficulty.
The cognitive weight dimensions are detailed in Fig. 16 where a point is
a participant’s score and a cross is the mean value for the dimension. We
observe that the use of our demonstrator has no impact on the cognitive
weight of participants. In the detailed representation of cognitive weight
results, we can notice that mental and physical demands as well as the

Table 8
Cognitive weight and perceived difficulty measures.

pothesis, with higher scores for recall, F-factor and on the number of Cognitive Research Modeling Total
selected design rules in the test group. We also notice that results are weight difficulty difficulty difficulty
more homogeneous in the test group with much lower standard Control 51.90 75 60.70 65.70
variations. group (SD=11.96)  (SD = 12.90) (SD = 19.90) (SD =
Results of the design rules application parameter are presented in 12.40)
Table 6. We observe that the design rules application score in the test Testgroup  52.38 43.55 43.55 >0
. 8 p_p ‘ R (SD=13.11)  (SD =19.75) (SD = 23.40) (SD =
group is the double of the control group. This difference is significant 13.80)
with a P-value inferior to 0.05. However, there is no significant differ- P-value 0.945 0.004 0.165 0.079
ence on the error percentage on correctly identified design rules, despite
Table 4
Panel of participants.
Number of participants Average age Level of skill in CAD modeling Gender
Novice Confirmed Expert Men Women
Control group 7 23.4 4 3 0 5 2
Test group 7 23.4 5 2 0 5 2
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Fig. 16. Detailed cognitive weight.

performance score are similar for the two groups. For temporal demand,
we can clearly differentiate in both groups, participants with a low score
(between 20 and 30) from participants with a high score (above 70).
There are more participants with a high score in temporal demand in the
test group. We can also notice that effort and frustration levels are
slightly higher in the control group. In general, there is a large vari-
ability between participants on cognitive weight measures.

We observe significant differences between the two groups on
perceived difficulty. The difficulty of design rules research is more than
30 points higher without our demonstrator. With a P-value below 0.05,
this result is statistically significant. Modeling difficulty does not shows
any significant difference between the two groups. The total perceived
difficulty shows a tendency toward a lower perceived difficulty in the
test group. The average value is 15 points lower in the test group and the
P-value is just above the 0.05 threshold.

4.4. Discussion

4.4.1. Results interpretation

We observe a clear improvement of design rules application in the
test group. Despite design rules retrieval been slightly better in the test
group with a better F-factor and more design rules selected, the differ-
ence is not significant enough to explain design rules application results.
Several interpretations are possible:

e With the CACDA demonstrator, design rules research was easier for
the test group. However, both groups spend the same amount of time
in design rules retrieval and have equivalent cognitive weight for the
overall design task. A better understanding of selected design rules or
a more efficient design rules application in the CAD model may
explain the test group better results in design rules application. Using
the demonstrator, participants of the test group experienced less
difficulty in design rules pre-selection, therefore sparing cognitive
resources on this task in comparison with the control group. They
were able to use these cognitive resources on design rules under-
standing and CAD modeling, therefore achieving better perfor-
mances in design rules application.

We can also explain this result by the difference in research types
between groups. In fact, participants of the control group were able
to perform a visual overview of the design rules PDF and select
schemas that seemed to fit their design context. This kind of visual
research is not possible with our demonstrator that selects design
rules through their meaning and their links with contextual ele-
ments. The visual selection of design rules may help in pure infor-
mation retrieval but may cause a lack of understanding of those
design rules.

We observe that the variability of results between participants is very
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high. In fact, participants can use many different approaches to design
rules retrieval and CAD modeling. For example, several participants
tried to get a full understanding of the design rules set before modeling,
they achieved better results in design rules retrieval but sometimes
lacked the time to complete their design. As standard deviations are
lower in the test group for both design rules retrieval and application, we
deduce that our demonstrator helps to reduce the impact of individual
strategies. However, this is not enough to ensure a clear improvement in
design rules retrieval.

Several measures do not lead to interpretable results. Time mea-
surements show that participants used the full time at their disposal for
the experiment and tried to balance their time between CAD modeling
and design rules retrieval. The measure of the final volume of the part is
similar in both groups and design errors can indistinctively lead to a
decrease or an increase of the volume. Two design errors may even
compensate their impact on the part’s volume.

Overall, we conclude that our CACDA demonstrator has a positive
impact on the design process. Design rules research is easier with our
demonstrator with a perceived difficulty of design rules retrieval more
than 30 points lower with the CACDA demonstrator on a scale of 100.
Our results also show a tendency toward a lower difficulty of the overall
design process with the demonstrator. Designers have better design rules
application using the demonstrator, with a design rules application score
twice higher in the test group than in the control group. This study
demonstrates the usability of our CACDA demonstrator in an industrial
context. We did not found any drawback caused by its usage, despite its
novelty for participants. Several improvements are still necessary to
reduce the impact of individual strategies, improve design rules
recommendation and reduce the cognitive weight of the design task.

4.4.2. Identification of limitations and biases

The first limitation of our experiment is due to the low number of
participants. Only strong impacts of our approach can be identified in
this study. Moreover, despite their knowledge in design, our participants
are not professional designers, which are our targeted end-users. These
limitations are common in design experimentations with long and
complex tasks to realize [31,60-62]. Moreover only a small number of
participants is required to highlight usability results [63].

Participants were asked to perform both an information retrieval and
a design task over a period of 2 to 4 h and with no prior knowledge of the
documentation. In the industry, a designer may have a week or more to
gradually become familiar with a design rules set. The fact that indus-
trial sized design rules documentations are much larger than in our use-
case compensates this limitation. Some participants of our study tried to
acquire an overall understanding of the design rules set before beginning
the CAD modeling. Such a strategy would not be possible with an in-
dustrial dataset. Moreover, we think that the use of the CACDA design
rules recommendation system would be more impactful on a use-case
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with more design rules, as it would scale better than unstructured
documentation. We need to demonstrate this point in future studies with
a larger set of design rules.

Finally, our demonstrator is not yet a fully functional design software
and several of the CACDA’s features are still under development. A new
test with a demonstrator featuring social and IT sub-contexts and taking
advantage of contextual information in real time will be necessary to
demonstrate the impact of the CACDA on the design process. The
CACDA theoretically builds the social sub-context by recording users’
interaction with the system and the set of design rules. We can therefore
manually create a consistent social sub-context. Our participants stand
as previous users of the CACDA whose interaction data has been
captured and modeled in the knowledge graph.

5. Conclusion and future work

In this paper, we present a demonstrator of a Context-Aware
Cognitive Design Assistant. The demonstrator performs design rules
recommendations by reasoning on a knowledge graph that stores
computable design rules and contextual knowledge. The demonstrator
includes two sub-contexts out of the four planned in the CACDA’s data
model. To perform recommendations, the demonstrator relies on a
random walk over the knowledge graph. This method is efficient and
supports the exploration of multiple sub-contexts. As the CACDA
recommendation system explores all sub-contexts simultaneously, it can
recommend design rules as well as contextual elements of interest that
the designer can use as contextual filters for future recommendations.
We present the software architecture of the demonstrator and detail its
implementation.

The second part of the paper is dedicated to design experimentations
realized with the CACDA demonstrator. We placed fourteen participants
in a design situation where they had to model an aeronautical part in a
CAD environment while searching and applying design rules. We
compared the use of our design assistant with traditional design rules
manuals used in the industry. Our results show that designers success-
fully applied on average 8.6 design rules with the CACDA demonstrator,
when designers using a PDF documentation applied only 4.3 design
rules. The perceived difficulty of design rules retrieval is also signifi-
cantly lower with our approach with a difficulty score of 75 out of 100 in
the control and of 43.5 in the test group. This study also demonstrates
the usability of the CACDA demonstrator in a design context, as it has
been successfully used with no downside compared to PDF
documentation.

In future works, we plan to develop a data link with a CAD envi-
ronment in order to capture IT contextual information (CAD software,
workbench, part, features, etc.) to influence the recommendation of
design rules in near real time. Our goal is to improve design rules rec-
ommendations as well as to reduce the impact of designers’ individual
research strategies on the design process. We will also use our experi-
mental results to implement a social sub-context and improve recom-
mendations further more. Indeed by capturing the activities of designers
during past experiments, we will be able to recommend design rules to
designers with similar profile. Experiments with this future version of
the demonstrator will feature a panel of professional designers and an
improved use-case with larger set of design rules.
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