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Abstract: We present an exploratory study to improve the performance of a knowledge push system in product
design. We focus on the domain of knowledge matching, where traditional matching algorithms need repeated
calculations that result in a long response time and where accuracy needs to be improved. The goal of our approach
is to meet designers’ knowledge demands with a quick response and quality service in the knowledge push system. To
improve the previous work, two methods are investigated to augment the limited training set in practical operations,
namely, oscillating the feature weight and revising the case feature in the case feature vectors. In addition, we
propose a multi-classification radial basis function neural network that can match the knowledge from the knowledge
base once and ensure the accuracy of pushing results. We apply our approach using the training set in the design of
guides by computer numerical control machine tools for training and testing, and the results demonstrate the benefit
of the augmented training set. Moreover, experimental results reveal that our approach outperforms other matching

approaches.
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network; Knowledge matching
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1 Introduction and accuracy in a design process (Fan et al., 2005).
A standard process framework of knowledge push is
shown in Fig. 1. Knowledge matching is the most
important part of knowledge push, and consists of
the mission of selecting the correct design knowledge

relevant to design tasks or designers’ demands.

In Zhang SY et al. (2018), we investigated two
parts of knowledge push, i.e., knowledge matching

Product design process is an inherently
knowledge-intensive activity. Designers, especially
the unskilled ones, need to frequently consult es-
tablished design knowledge in the traditional de-
sign process. Knowledge push technology is devel-
oped to push the right knowledge to the right person
at the right time in the right way (Schreiber et al.,

2000). and personalized pushing, and developed a new ap-

Knowledge push, as an application of
se P bp proach for these two parts. At the heart of our ap-
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proach to knowledge matching is the applicable prob-
ability (AP) classifier between design knowledge and
design content. The fundamental principle of the
approach is based on a knowledge-case training set
and the Bayesian theorem (Fig. 2a). We tested this
approach in the design of guides by computer numer-

ical control (CNC) machine tools with 35 training
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Fig. 1 Knowledge push framework

samples, and the accuracy and response time of the
tests are shown in Fig. 2b. This approach enables
the automation of knowledge matching and requires
only a set of training samples for accuracy.
However, there are two obvious shortcomings in
Zhang SY et al. (2018). The response time of knowl-
edge matching (Fig. 2b) is long and impairs the
human-computer interaction experience. The AP
classifier needs to match the design knowledge with
the design content one by one, and this is the main
reason for the long response time. With the increase
of design knowledge in the future, the problem of long
response time urgently needs to be solved. In addi-
tion, the accuracy of knowledge matching is around
60%, which needs to be improved. The training set
for the illustrative example has only 35 samples. We

have discussed that more training samples can make
the push knowledge more accurate (Zhang SY et al.,
2018).

In this study, we shift our focus to shortening the
response time and improving the accuracy in knowl-
edge matching:

1. To shorten the response time, we completely
replace the knowledge matching mode in Fig. 2a with
artificial neural networks (ANNs). The neurons in
the output layer represent the design knowledge, and
the input is the original design content vector (i.e.,
content) (Fig. 2a). As aresult, there are no required
modifications to the original input and training set to
accommodate the new matching approach. We pro-
pose some key enhancements to the ANNs to boost
performance in knowledge matching.

2. To improve the accuracy, the limited training
set in a practical operation needs to be augmented
in knowledge matching. We investigate two meth-
ods to augment the training set, namely, oscillating
the feature weight and revising the case feature in
the case feature vectors (i.e., pro’s). Our technical
approaches and experiments will be detailed later.

2 Related works
2.1 Knowledge push

Previous investigations of knowledge push use
algorithms from a recommender system, including
collaborative filtering (Xu et al., 2013; Feng et al.,
2016), content-based filtering (Liu TY et al., 2016;
Wang et al., 2016), and hybrid recommendation
(Liang et al., 2015), which are adapted for a spe-
cialty in product design. The process framework

content={(word,,q,), (word,,q,), ..., (word ,q,)} €— 100
y ={doc,|doc={content, classification, application}} 15
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Fig. 2 Overview of the knowledge matching approach:

(b)

(a) a knowledge-case training set and applicable

probability classifiers; (b) accuracy and response time of the approach
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of knowledge push (Fig. 1) shows some impor-
tant fields for study. Knowledge push usually re-
lies on a design activity workflow (Le et al., 2010;
Jiang et al., 2017) or multidimensional hierarchical
context (Zhang FP and Li, 2016; Zhang SY et al.,
2018). To capture the design intent in a design pro-
cess for an active knowledge push service, Xu et al.
(2013) developed the collaborative design and an ac-
tive knowledge service platform to realize intent cap-
ture and intent evolution. Wang et al. (2016) built a
design intent model with a formal expression of a tar-
get function of conceptual design. Zhang SY et al.
(2019) proposed trust-aware and item-cluster strate-
gies to extract two nearest neighbors of the designers
and the design knowledge to improve the quality of
knowledge push. Knowledge base construction has
been developed, e.g., affinity management of knowl-
edge (Zhang LL et al., 2009), the knowledge ontol-
ogy model (Jiet al., 2013), and the variable-weight
layered spreading activation model (Liang et al.,
2015). Knowledge matching is the most impor-
tant field, and is detailed in Section 2.2. Further-
more, personalized push is an advanced requirement
for knowledge push and is developing. While some
techniques have been proposed (Xiao et al., 2010;
Chen et al., 2015; Wang et al., 2016), we think that
these techniques are difficult to apply to practical
operations in a short time.

2.2 Knowledge matching

Traditional knowledge matching algorithms cal-
culate the similarities between designers or design
tasks, including similarity of text (Yan et al., 2016),
attribute similarity algorithm (Zhang FP and Li,
2017; Wu LJ et al., 2018), and semantic distance
(Xu et al., 2013; Wang et al., 2016). Shortcomings
of these matching algorithms are data sparsity and
repeated calculations. Feng et al. (2016) mapped
the semantic matrix to a low-dimensional space
by singular value decomposition. Zhang K et al.
(2019) developed a quality function knowledge de-
ployment (QFKD) based knowledge push system.
Requirement-function (RF) and function-knowledge
(FK) mapping modes and similarity calculation are
used for knowledge matching. Other investigations
use intelligence techniques for knowledge matching,
e.g., artificial immune algorithm (Dong et al., 2013),
clustering collection model (Li et al., 2017), ontology
mapping-merging-reasoning (Zhang C et al., 2018),

and applicable probability matching algorithm
(Zhang SY et al., 2018).
gence algorithms have been introduced in knowledge
matching, and perform better than traditional al-
gorithms. Knowledge push is a multi-classification

More and more intelli-

problem and also an engineering application exam-
ple of recommender systems. Although there has
been a boom in deep learning, neural network based
models have not been used in knowledge matching.

2.3 Artificial neural networks

ANNs have been applied to solve the multi-
classification problems in many different recom-
mender systems, except knowledge push in the
product design process. ANNs are used to learn and
predict the user-item rating data in recommender
systems for a collaborative filtering algorithm
(Gupta and Tripathy, 2014; Paradarami et al.,
2017). Gabrani et al. (2017) reviewed the artificial
intelligence techniques used in recommender sys-
tems. Devi et al. (2010) and Bahramian et al. (2017)
discovered that ANNs are suitable for approximation
and classification and effective in handling cold start
problems. Data sparsity needs to be resolved in user
similarity calculation. Devi et al. (2010) calculated
the trust between users based on a rating matrix
in a probabilistic neural network, and relieved
the sparsity by smoothing a sparse rating matrix.
Pushpa et al. (2013) found that the radial basis
function (RBF) neural network produces the most
relevant results compared with an aggregation tech-
nique in web page recommendations. Twardowski
(2016) combined explicit context modeling with
factorization methods and a novel approach with
a recurrent neural network in the recommendation
process. Sunhem and Pasupa (2016) compared
linear discriminant analysis (LDA), ANN, and
support vector machine (SVM), and found that
SVM with RBF is the best in hairstyle recommen-
dation. Xue et al. (2017) proposed a novel matrix
factorization model with a neural network archi-
tecture to predict personalized ranking. Guo et al.
(2018) employed an improved RBF to determine the
weights of recommendations in a mobile e-commerce
recommendation system. Wu H et al. (2018) used
dual-regularized matrix factorization with deep
neural networks to exploit description documents
of both users and items in matrix factorization.
Furthermore, a neural network was used to extract
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features from wusers’ profiles and tag spaces in
depth layer by layer, for higher accuracy in a
recommender system (Zuo et al., 2016). ANN or
other deep learning methods can avoid repeated
calculations in matching the items with users and
improve the performance compared with traditional
methods. The neural network architectures need to
be improved in different recommender systems for
different characteristics.

3 Technical approach

The approach proposed for knowledge matching
largely relies on Zhang SY et al. (2018). We provide
two key modifications to the original work, which
are detailed in this section. Unless otherwise stated,
we use the same parameters as in Zhang SY et al.
(2018) (Table 1).

Table 1 Symbols used in this paper

Symbol Definition

content Design content vector, content= {(word1, q1),
(wordz, q2), ..., (wordn, gn)}
pro Case feature vector, pro= {(key, s1),
(ke}’27 52)7 EEEE (ke}’nv s")}
doc Knowledge description vector
Knowledge base, v = {doci,docy,...,docy}
Design case library, x = {pro, pro,,...,proy}
Boolean matrix, generated by v and x (Fig. 2a)
y Union of keys in each pro (Fig. 3)
Corresponding weight matrix in x (Fig. 3)
Matching results of knowledge push
Number of design cases in x
Number of pieces of knowledge in ~
Number of keys in key

32§~3m§>x4

3.1 Augmented training set

The training set for knowledge matching in-
cludes knowledge base =, design case library x, and
a Boolean matrix A. The case feature vectors are
integrated as the design case library in Fig. 3, where
key and s (s € [0,1]) are the case feature and fea-
ture weight in pro, respectively. In addition, key"
and s’ are the matrices of key and s in pro’, respec-
tively, and the elements in these two sets are placed
in one-to-one correspondence. In x, the case feature
vectors are integrated by the case features, where
key = Up_, U£1 key,. Moreover, s is the sparse
matrix, and si is assigned to s; ., when keyj (be-
longing to key") is equal to key,, (belonging to key);

otherwise, s; , = 0. We can augment the training
set by applying transformations to each case feature
vector pro, such as the feature weight s or the case
feature key.

pro'={(key}, s}), (key, , 5, ), ... (key;, s, )}=(key’, s'}

| (=1, 2, ..., M)
! key, key, key, —>» key
pro’ Sy Sy, 8,

pro’ Sy Sz e Sy | s
pro* S Sz e S

Fig. 3 Integration process in design case library x

3.1.1 Oscillation of the feature weight s

We found that the appropriate changes in s may
not affect the Boolean matrix A and that the push-
ing results are used in the hierarchical design content
model (Zhang SY et al., 2018). Two oscillatory func-
tions, i.e., f1(s) and fa(s), are constructed to expand
the value of s. fi(s) is based on the trigonometric
function and f3(s) on the exponential function, ex-
pressed as follows:

fl (S)ZAO [Al arctan(wl S—Hﬁl )—|—A2arcsin(w2 S—H/DQ)
+ Agarccos(wss + ¢3) + A4l (1)
f (5):B1661[(m+#1)/¢1]2+32662[(m+#2)/¢212+B3. (2)

These two functions need to oscillate along the
direction of y = . In this study, we set Ag = /2,
A1:A2:1,A3:O,A4:7T,w1:10,w2:2,
1 = =5, 2 = =1, wg = 3 = 0, By = 0.99,
B2 = 0.35, B3 = 0, (51 = (52 = —1, M1 = —0.95, Mo =
—0.39, ¢1 = 0.38, and ¢o = 0.19. The oscillatory
functions are shown in Fig. 4, with the initial value of
weight (s) on the x axis against the expanded value
of weight (s’) on the y axis. Then, the number of
design cases in x is 3M. There are other oscillatory

functions when changing the parameters in Eqs. (1)
and (2).

3.1.2 Revision of the case feature key

When changing the key in pro, the s in pro and
the corresponding design knowledge in A also need
to be changed to generate a new case feature vector
in a process called “revision.”
sign cases in x are similar to a few different keys in

Sometimes, two de-
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pro, and then the pushing knowledge in A is differ-
ent. As shown in Fig. 5, pro’ and pro’/ are similar
except for one key, and the corresponding feature
weights are certainly different. The special differ-
ent key causing the different pushing knowledge can
be found as pro’ — pro’ with A(i,:) — A(j,:) and
pro’ — pro® with A(j,:) — A(i,:) (Fig. 5). Then we
can revise a new case feature vector prok without
the special different key. The generated vector pro*
with the corresponding design knowledge A(kq,:) is
shown in Fig. 5, where pro** = pro*U(pro’ —pro’),
A(ky,:) = A(k,:) U (A(j,:) — A(i,:)). Also, we
can revise other case feature vectors to augment the
training set under rational conditions.

1.0 - - - —=
;S
b= s
o8 &
3 Ry
5 7
8 06f P
g z
B 7z
g 0.4} y %
3 z
Woor 2 —— o)
L ——
oL’ "~
0 02 04 06 08 10

Initial value of weight

Fig. 4 Two oscillatory function curves

|:| key in pro

‘ Pushed knowledge O No pushed knowledge

mﬂl key with feature weight s

Case feature vectors

Alk,:) Ak,

|

Fig. 5 Revision of the case feature key

Corresponding design knowledge

3.2 Multi-classification radial basis function
neural network

ANNSs can match the knowledge from the knowl-
edge base once, radically shortening the response
time. Fig. 6a gives an illustration of a neural network
for knowledge matching. As shown in Fig. 6a, the
pros in the case library and the Boolean matrix A
are used for training the neural network, and then the
trained neural network is used for testing or applica-
tion. The input neurons are key,, (m = 1,2,...,n)
in key in x (Fig. 3), and the output neurons are
knowledge doc, (z = 1,2,...,N). The training in-
put data is s in different pros and the training output
data is the design knowledge corresponding to pro.

Input layer Hidden layer Output layer

content pro’ ==x. -7
q LS,

\
\

A\
) 1

/ | | | ' 1 i /
| | | ! | ! i ! fa ! 1
! I 1 1 i I
PG Sh Lo ! | R
N P Pt oo
! [ i | I ! I Vo - |
14, Sp ) | ! I ! AL
! i : o | ! | | [ [ |
! [ L | | ! I b - i
| [ vl | ! I ! 1o [ |
I ! ' ::: : 1 : | : : [ Lo
! [ : : ! |
! [ 1 | i i Lo i

[ —» —» > | |
A oo o I

H |

| i 1 :: | ! I ! 1 }A [ |
19y 1S ) \ ) \ b A I
A LN / \ / \ ;oA TING N
NN NS NN

Train Results

compr—»

Fig. 6 The proposed neural network for knowledge
matching: (a) input and output layers; (b) hidden
layer

The input vector for testing is the design feature
vector (content) with the same form as pro. Results
for testing are {r;|z € [1, N]}, where r, is 0 or 1, and
where the matched knowledge {doc,|r, = 1} will be
pushed to designers in their own design process. The
input and output layers are fixed in Fig. 6a, and more
neurons in the output layer can cater to the increase
of design knowledge. The hidden layer is the key
point for the performance of the neural network.

Different from the traditional -classification
problems, knowledge push is a multi-classification
problem, where we want to match the knowledge
once to shorten the response time. In this study,
we propose a multi-classification radial (MCR) basis
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function neural network instead of the popular back
propagation (BP) neural network. BP has been
widely used to solve some multi-classification prob-
lems. The main disadvantages are the uncertain
hidden layer and the different neurons in the input
and output layers of different designs of products.
Researchers need to continually test and debug ar-
rangements, which is repeated and tedious. Different
designs of products have different neurons in the in-
put and output layers. BP has a disadvantage in
the local optimum. SVM is widely used in dual clas-
sification. SVM needs to be improved to solve the
multi-classification problem and is not good with a
large-scale training dataset. However, the knowledge
push system in the design of complex equipment usu-
ally has large-scale datasets. The proposed MCR is
based on the traditional RBF. RBF has a certain
hidden layer and a shorter training time than BP,
and can deal with large-scale data. The hidden layer
of the neural network is shown in Fig. 6b, where
the input is s*" (Fig. 3) and the output is »M >V
(Fig. 2a). The boxes in Fig. 6b represent different
functions; i.e., “dist” is the distance between input s
and center matrix C (Eq. (3)), “radbas” is a Gaus-
sian function as the activation function of neurons
(Eq. (4)), “nprod” is the normalized operation of an
element in H x W (Eq. (5)), and “comp” is the com-
petitive function to obtain the matched knowledge
in the competitive neurons (Eq. (6)):

disti; = [|s' = G| = | " (sim — Cim)®, (3)
m=1
H; j = radbas(dist; j - b; j) = o~ (distigbig)® (g

nprod, ; = norm(H - W) (5)

M
Z Hi,ka’j — mlin

1
k=1 =

M
> Hi,ka,l>

1

M M
max > Hi,ka,l) —Hllin > Hi,ka,l)
=1 =1

)

1, nprod, ; > «,

(6)

r;,; = comp(nprod, ;) = {O, nprod; ; < o,
where s’ is the i*® row in s, C7 the j*® row in the
center matrix C with the size of M x n, b the thresh-
old matrix with the size of M x M, W the weight
matrix with the size of M x N,and [ =1,2,..., N.

We enhance RBF in two parts, i.e., “nprod” and
“comp,” for the characteristics in knowledge match-
ing. A normalized operation has been used in many

neural networks (Yang et al., 2007; Liu HM et al.,
2009). The input is the feature weight s € [0, 1]. The
values of training data are widely distributed with
“dist” and “radbas,” and the output values belong to
(0,1). To ensure the accuracy and speed when train-
ing the network, the values in H x W are normalized
in the fixed interval of [0, 1], and there is no need for
anti-normalization. Owing to the characteristics of
knowledge matching, we need to obtain the specific
design knowledge for pushing. The value of output is
1 or 0, with 1 denoting that the knowledge matches
the design content and 0 denoting that the knowledge
does not match the design content. Thus, “comp” is
necessary for classification, as shown in Eq. (6), and
« is the classification threshold, rigorously defined as
0.9 in this study.

C, b, and W are the unknown parameters in the
neural network. The training set {sM>" AM>*N1 g
used to train the neural network and to calculate
these three parameters. We use a supervised learn-
ing algorithm based on gradient descent to train the
neural network (Karayiannis, 1999). The loss func-
tion F is

LM N ,

E=3 ;jzl(ri,j —Aij) (7)
where 7 = Wexp|[—(||s — C|| - b)?]. The gradient
descent algorithm for training the neural network is
shown in Algorithm 1, where 7 is the value of the
step size and ¢ the convergence threshold.

In Algorithm 1, Cy, by, and Wy are the initial
values from the initialized cluster centers, as shown
in Egs. (8), (9), and (10), respectively. In particular,
we have

+( 1)maxi—mini
J Vi )

(8)
where 1 = 1,2,....n, j = 1,2,..., M, maxt is the

maximum value and min ¢ the minimum value of the
-th
7

maxi—min?

C’g,j,i:mini + Wi

input neuron.

bo,i,j =

=S nsin — Cra, )
k=1

wheret=1,2,...,n,j=1,2,..., M.
max 4 — ming

N+1 7
wherei =1,2,...,n,7=1,2,..., N, maxi is the ex-
pected maximum value and min ¢ the expected min-
imum value of the i*" output neuron.

WO,i,j =min¢ + j (10)
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Algorithm 1 Training the proposed neural network

1: Input: Co, by, Wy, 7, and ¢
2: Output: Ciy1, b1, and Wiy
3:t=0

4: while AE > ¢ do

5: Cip1=C— 77%|t7

6: by :bt—n%_fha

7 Wit ZWt_Wéa_v]f/hﬂ

8: AFE = FEiv1 — Ey,

9: t=t+1
10: end while

g—g, %—f, and g—‘f, are the partial derivatives of F

with respect to C, b, and W, respectively, expressed
as

O =2~ AWBexpl (s €| b)), (1)
S a(r- AW |sC | exp[~(ls-C|| -b)’), (12)
D8~ (r— Aespl—(ls ~ C||-b] (13)

987

After finishing the training work in MCR,
we can obtain C, b, and W to characterize the
performance of knowledge matching, which will be
detailed in Section 4.

4 Experiments
4.1 Data

We developed a CNC machine tool design
knowledge push system (Fig. 7a), where text boxes
explain the main components of the interface. We
collected 3852 pieces of design knowledge related to
CNC machine tools and uploaded these to the web,
as shown in the Chinese website in Fig. 7b. As is typ-
ical in complex mechanical equipment, the design of
anew CNC machine tool was decomposed into many
parts and components. In this study, the design of
guides by CNC machine tools was used in the exper-
iments. There were 35 design cases and 86 pieces of
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Fig. 7 Knowledge push system for computer numerical control machine tools:
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design knowledge in the knowledge base.

The original training set contained 35 train-
ing samples and the total number of pieces of
corresponding knowledge was 86. We used the orig-
inal training set called “T35” in the experiments,
which was constructed in detail in Zhang SY et al.
(2018). Each training sample had a case feature
vector pro and the corresponding design knowledge.
A design case library x with 34 case features re-
lated to the design of guides is shown in Table Al
in the appendix. The Boolean matrix A was with
the size of 35 x 86. In addition, the training sets
were augmented by the methods mentioned in Sec-
tion 3.1. The F70 dataset contained 70 training
samples augmented with two oscillators (Fig. 4).
The F181 dataset contained 181 training samples
augmented by the revision method (Section 3.1.2).
The F251 dataset contained 251 training samples by
adding F70 and F181. F70, F181, and F251 were all
the datasets generated without the original dataset
T35. The difference between the training and testing
datasets was ensured.

4.2 Methods

The goal of the experiments is to characterize
the performance of the subroutines by our approach.
The two subroutines of interest are the augmented
training set (Section 3.1) and knowledge matching
(Section 3.2). Zhang SY et al. (2018) focused only
on the evaluation of the results of knowledge match-
ing and the feasibility, which limits the performance
of knowledge matching compared with different ap-
proaches. In this study, we evaluated different ap-
proaches for knowledge matching to determine those
approaches that yield state-of-the-art performances
and to evaluate the areas requiring improvement in
Table 2 summarizes the datasets and
approaches explored in the experiments.

the future.

We conducted four independent experiments for
four different datasets. Each experiment comprised
10 separate trials. For each trial, four different
approaches were used separately for the training
and testing samples from the appropriate dataset.
Zhang SY et al. (2018) evaluated only the perfor-
mance with dataset 1 and approach 1 in Table 2. We
did not allow the testing samples to be involved dur-
ing the training process, to avoid overfitting. The im-
plementation was developed in MATLAB (R2018a),
and all experiments were performed on an Intel Core

15-6400 CPU with 16 GB RAM.
4.3 Evaluation metrics

The metrics for evaluating the knowledge
matching performance include the accuracy of
matching results and the response time of the ap-
proach. For the accuracy of matching results, we em-
ployed evaluation of binary classifiers, because this is
a well-established technique in computer science. We
classified the sets of designers’ knowledge demands
and the actual knowledge push, as shown in Table 3.

Four metrics were used to evaluate the accu-
racy of knowledge matching, i.e., Acc, Precision,
Recall, and Fycore (van Rijsbergen, 1979). Acc is the
proportion of true pushing results (true positives and
true negatives) among the total number of pieces of

Table 3 A binary classification of knowledge push

Total number of pieces Knowledge demand

of knowledge (V) Need (KN) No need
Knowledge Push (KP) TP FP
push No push FN TN

Assuming the sets of the whole knowledge, the knowl-
edge that designers need, and the pushed knowledge
are X, Y, and Z, respectively, we have N=|X]|,
KN=|Y|, KP=|Z|, TP=|Y N Z|, FN=|Y Nn(x Z|, FP=|ZnN
CxY|, TIN=|CxZnCxY|, KP=TP+FP, KN=TP-+FN, and
N=TP+FP+TP+FN

Table 2 Description of datasets and approaches for experiments

No. Dataset Approach
Training  Testing Name Description
1 T35 T35 Applicable probability matching Refer to Zhang SY et al. (2018)
F70 T35 Back propagation neural network  Three layers with the same size of 34-10-86
3 F181 T35P Radial basis function neural Traditional radial basis function neural network without
network normalized operation
4 F251 T35 Multi-classification radial basis Refer to Section 3.2

function neural network

2 Randomly selecting 30 training samples and the rest five samples for testing; P randomly selecting 30 testing samples
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design knowledge, expressed as

TP + TN

A =
cc N

(14)
Precision is the ratio of pushing knowledge that
is actually relevant to the design process, expressed

as
TP

TP + FP’
Recall is the ratio of pushing knowledge that can
be located, expressed as

Precision = (15)

TP

Recall = m

(16)

Increasing the number of pieces of pushing
knowledge tends to reduce Precision and increase
Recall. Fy.ore 1s used to achieve a trade-off between
Precision and Recall by assigning equal weights to
them, expressed as

2 - Precision - Recall

(17)

Fy = .
seore Precision + Recall

4.4 Results and discussion

The evaluation results of different matching ap-
proaches for the four different datasets (Table 2) are
provided in Fig. 8. In this study, two key mod-
ifications, i.e., an augmented training set and an
MCR, were proposed to improve the performance
of knowledge matching. AP, BP, and RBF are tradi-
tional approaches in knowledge matching. We eval-
uated the performance of knowledge matching in
terms of response time (Figs. 8a-8d) and accuracy
(Figs. 8e-8t).

Response time is a metric for the speed of the
knowledge push system. As shown in Figs. 8a-8d,
with the number of training samples increasing in
the datasets, the response time is almost invariable
except for that of BP. When training BP, the larger
the number of input samples, the longer the training
time. In Zhang SY et al. (2018), AP needs to match
the design knowledge with the design content one by
one, and the response time is relevant to the number
of pieces of design knowledge. Thus, AP and BP
are not suitable for knowledge matching with the in-
crease of the number of pieces of design knowledge
or training samples. RBF performs the best (most
response time<0.1 s) among these three traditional
approaches. There is only one hidden layer in RBF,
and the local approximation can reduce the time of

calculation and network training. Thus, the pro-
posed MCR is based on RBF with a short response
time. The input of MCR is a matrix with the size of
M x n. The output of MCR is N neurons, which can
match the knowledge once. This mode of input and
output can extremely shorten the required time.

There are four metrics for evaluating the accu-
racy: Acc, Precision, Recall, and Fycore. In T35-T35,
the four approaches perform similarly and poorly, as
shown in Figs. 8e, 8i, 8m, and 8q. The values of Acc,
Precision, Recall, and Fy.... are approximately 60%,
40%, 45%, and 45%, respectively, which need to be
improved. The reason is that the 35 training samples
are too few to correspond to the 34 case features. The
few training samples cannot match the accurate de-
sign knowledge, so we proposed an approach called
“augmented training set” in Section 3.1. Compar-
ing Figs. 8e-8h, 8i-8l, 8m-8p, and 8q—8t, we found
that the augmented training set works in the evalu-
ation of accuracy, except for RBF. It is interesting
that the values of the RBF method in Figs. 8¢—8t
are almost unchanged, unlike other approaches that
perform better than T35-T35. The proposed method
is not useful in improving the performance of RBF.
For oscillating the feature weight s (Section 3.1.1),
the local approximation cannot set up the new local
center compared with the original training set. The
accuracy of F70-T35 is similar to that of T35-T35,
as shown by the blue dotted lines with diamonds in
Figs. 8f, 8j, 8n, and 8r. To revise the case feature key
(Section 3.1.2), RBF transfers the nonlinear problem
in the low-dimensional space to a linear problem in
the high-dimensional space. Another reason for the
results of these two augmentation methods is that
the training data is widely dispersed and can affect
the error function in each dimension while training
the neural network. AP and BP can perform better
with more training samples. As such, to make up
the shortcomings in RBF and keep the advantages
in response time, we changed and enhanced RBF to
MCR in Section 3.2. The “nprod” and “comp” com-
ponents (Fig. 6b) can improve the accuracy and can
be applied to the key characteristics in knowledge
matching. The green dotted lines in Fig. 8 show that
MCR is the most advanced in terms of both accuracy
and response time among these four approaches.

When comparing the two different augmen-

tation methods, we found that generally revi-
sion method is better than oscillation method in
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accuracy. The oscillation method just changes the
feature weight s from a single value to interval val-
ues, and the weakness of the original training set can-
not be improved, such as the signal design type and
the design content. When combining these two aug-
mentation methods, the results are not significantly
improved. We found that the values in Figs. 8g
and 8h, 8k and 8l, 8o and 8p, and 8s and 8t are
similar, respectively. One reason is that the os-
cillation method cannot make up the weakness of
F181, and the other reason is that the optimiza-
tion of augmentation methods has been fully devel-
oped. For these four metrics, we can conclude that

the limited training set in practical operations can
be augmented for high performance in knowledge
matching. This conclusion is especially applicable
to AP in Zhang SY et al. (2018) and MCR in the
present work.

AP and BP both have a long response time, and
another shortcoming of BP is the uncertainty of hid-
den layers in the neural network. RBF is weak in
accuracy, and for this reason, we developed an MCR,
based on RBF by increasing “nprod” and “comp”
(Fig. 6b). Experimental results indicated that MCR
has a higher accuracy and a shorter response time
than those of AP in Zhang SY et al. (2018).
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Specifically, we compared the detailed knowl-
edge matching results in Fig. 9. Acc_case is the
value of Acc in every design case and Acc__knowledge
is the value of Acc in each design knowledge during
the test experiments, expressed as

_IrG ) 0 AG, )|
Acc_case; = I , (18)
Acc_knowledge; = WVM’ (19)

where r denotes the matrix of the results in the tests
with the size of m x N, A the ground truth, and m
the number of design cases in the tests.

Overall, the matching results of AP in Fig. 9a
The
knowledge matching results are partially missing
with the unknown design tasks, such as K27 and
K34-K48 (K+number represents the different num-
bered design knowledge). The knowledge that de-
signers need may not be pushed, which is detrimental
to the accuracy of the knowledge push system. We
found that Acc cannot be the only metric to evalu-
ate the accuracy, as shown by the matching results
in case30 in Fig. 9a. In Fig. 9a, AP matches only 16
pieces of knowledge and the actual number of pieces

are of low accuracy for few training samples.

* ® 8 o = ...K'GO.

ADC case

Acc_knowledge

991

of required knowledge is 29 (KP = 16 and KN =
29), but Acc_casezp = 70% is not low. Precision,
Recall, and Ficore are necessary in the evaluation, as
all being approximately equal to 40% is a disadvan-
tage in knowledge push. Furthermore, the matching
results of MCR in Fig. 9b are better than those of
AP, except for K29-K34. We found that the few
samples with K29-K34 in the training set affect the
matching results in tests. The remaining knowledge
is matched well, as shown in Fig. 9b.

For the experimental results, we can draw the
following conclusions: (1) Augmenting the training
set can improve the performance of knowledge
matching, especially when the training samples are
limited in practical operations; (2) MCR is better
than AP (Zhang SY et al., 2018), and also better
than other traditional matching approaches, such as
BP and RBF; (3) Various and numerous training
samples are beneficial to the matching performance.

5 Conclusions

In this study, we aimed to improve the perfor-
mance of knowledge matching in a knowledge push

system, i.e., increasing the accuracy and shortening
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Fig. 9 Detailed knowledge matching results: (a) AP in T35-T35; (b) MCR in F181-T35
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knowledge push (blue hollow square). References to color refer to the online version of this figure
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the response time. We improved our previous study
by augmenting the training set and changing the al-
gorithm structure of knowledge matching. Our con-
tributions are as follows:

1. We proposed two methods to augment the
training set, i.e., oscillating the feature weight and
revising the case feature in the case feature vectors.
Augmenting the training set is positive when us-
ing artificial intelligence algorithms in industrial and
production engineering, especially when the training
set is limited in practical operations.

2. We proposed a new knowledge matching ap-
proach called MCR based on the traditional RBF.
We enhanced the neural network in two parts,
i.e., “nprod” and “comp,” to adapt to the multi-
classification problem of knowledge matching. Then,
a supervised learning algorithm based on gradient
descent was used for training MCR.

3. We compared the performances of different
approaches in different datasets about the design of
guides. The original dataset has been constructed
in Zhang SY et al. (2018). Experimental results
indicated that MCR outperforms the existing ap-
proaches in knowledge matching. Our proposed ap-
proach satisfies the requirements for high accuracy
and rapid response.

The proposed knowledge matching approach
can improve the performance of a knowledge push
system, but it needs to be tested in the design
of different products.
on the universality of our knowledge push technol-
ogy application, and investigate the improvement of
personalization.

In the future, we will focus
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Appendix: Case feature vector in the design case library (part)

Table A1l Case feature vector in the design case library (part)

Case feature pro; pro, pros proy pros prog pro; prog prog pro, pro; pro;, pro;s pro, ... Pross
Horizontal lathe  0.5163  0.3483 0 0 0 0 0 0 0 0 0 0 0.5518 0 . 0
Boring 0 0 0 0 0.8222  0.4759 0 0 0 0 0 0 0 0 0
CNC 0 0 0 0 0 0 0 0 0.6617 0 0 0.7611 0 0 0
Grinding 0 0 0 0 0 0 0 0 0 0.3116 0 0 0 0.1340 0
Vertical lathe 0 0 0.3733  0.4694 0 0 0 0 0 0 0 0 0 0 0
Drilling 0 0 0 0 0 0 0 0 0 0 0.8861 0 0 0 ... 0
Milling 0 0 0 0 0 0 0 0.7628  0.0193 0 0 0 0 0 . 0
Planer 0 0 0 0 0 0 0.8377 0 0 0 0 0 0 0 0.3058
Precision 0.6172 0 0 0.2221  0.0055  0.1467 0 0.7226  0.0536  0.6422 0 0.3612 0 0.6060 o 0
Function 0.4198 0 0.7978  0.5891 0 0 0 0.9738  0.1108 0 0 0.7769 0 0.4495 o 0.5787
Sliding 0.8143 0.7434  0.1881 0.8008  0.4841 0 0.9211 0.0927  0.8225 0.6607 0.9885  0.5732  0.4298 0.4748 .. 0.7153
Rectilinear 0.7061  0.3665 0.1180 0.9497 0.0709  0.6599  0.1967 0.8596  0.3660  0.2664  0.0438 0 0.0434  0.0363 o 0
Swing 0 0 0 0 0 0 0 0 0 0 0 0.7914 0 0.4809 ... 0.2921
Multiple 0 0.9614 0 0 0.1975 0 0.5370  0.5796  0.6927 0 0.7448 0 0 0 0.1719
Cast iron 0.8423  0.6050 0.3923  0.5305  0.7392 0 0.4435  0.6564 0 0.1022  0.0438 0 0.0434  0.0363 o 0.3611
Steel 0 0 0 0 0 0 0 0 0 0 0 0 0 0 ... 0
Plastic 0 0 0 0 0 0 0 0 0 0.5468 0 0.9898 0 0 0
Open 0.8052 0 0 0 0.0788 0 0.4600 0 0.3844  0.7846  0.7448 0 0.1355 0 ... 0.5865
Closed 0 0 0 0.9620 0 0 0 0 0 0 0 0 0 0.3717 ... 0
Inlaid 0 0.3165  0.3045 0 0 0.4838 0 0.1818 0 0 0 0 0 0 0
Flat 0 0.2144 0 0 0 0.7553 0 0.9332 0 0 0 0 0 0 0
Elbow 0 0 0.5281 0 0 0 0 0 0 0 0 0 0 0 0
Main motion 0 0.1619  0.6942  0.7553  0.6758 0 0.7421  0.1099  0.0312 0 0 0.677 0.0076  0.3116 0.6189
Feed 0.8446 0 0 0 0 0.5310 0 0 0.0517 09123 0.4194 0 0 0 0
Crawl 0.5432 0 0 0 0.2029 0 0 0 0.9958 0 0.3653 0 0 0.6422 0
Triangular 0 0 0 0 0 0 0.9344 0 0 0 0 0 0 0 0
Rectangular 0 0 0 0 0 0.5793 0 0 0.3089 0 0 0 0.3581 0 0
Dovetail 0.9168 0.8320 0.6760 0 0.3070 0 0 0.0533 0 0.3294  0.1129 0 0.7774 0 . 0.1318
Circular 0 0 0 0.8537 0 0 0 0 0 0 0 0.4841 0 0.6607 ... 0
Gap 0.6578  0.1619  0.3321  0.1438 0.0914  0.4812 0 0.1897  0.4941  0.9587  0.7075  0.3501  0.2103  0.4495 o 0.0506
Unloading 0.4803 0.3602  0.2048  0.8095 0.9955  0.1978 0.9952  0.4631 0.2125 0.7038 0.5146 0.9056  0.5973  0.4748 o 0.9741
Processing 0.2578  0.3580 0.1760  0.0635  0.5285  0.1338  0.4471 0.4444  0.6892 0.6747 0.5353 0.2616  0.2890  0.4809 ... 0.6058
Mechanical 0 0.6258 0 0.8433  0.8984 0 0.4848 0.0338 0.7419  0.8999  0.8527 0.0193 0.6426  0.0363 o 0.4521

Hydraulic 0.0842 0 0.6160 0 0.0071  0.5781  0.5064  0.9283 0 0 0.6039  0.5546 0 0.3717 ... 0
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