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Fig. 5 shows the graphical interface of the CNC
machine tools’ design platform. This applies to Chi-
nese CNC machine tools enterprises. ‘User info’
shown on the top left of the interface is the current
login designer’s information, including ID, position,
field, and ability. ‘Knowledge choice’ is shown on the
bottom left of the interface. We search the design
resources by the keywords of the horizontal lathe
guides, and the search results are shown at the right of
the interface. There are 86 pieces of design
knowledge and 35 design cases in the design re-
sources related to design tasks. The characters of
design resources include ‘No.’, ‘Title’, ‘Classifica-
tion’, ‘Belonging’, ‘Designer’, and ‘Last use time’.
Then a 35x86 Boolean matrix A4 and a training set are
generated. The design feature vector is content=
{(Horizontal, 0.5163), (Precision, 0.6172), (Function,
0.4198), (Sliding, 0.8143), (Rectilinear, 0.7061),
(Cast-iron, 0.8423), (Open, 0.8052), (Feed, 0.8446),
(Crawl, 0.5432), (Dovetail, 0.9168), (Gap, 0.6578),
(Unloading, 0.4803), (Processing, 0.2578), (Hydrau-
lic, 0.0842)}.
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Fig. 5 Design resources for the horizontal lathe guides

The knowledge matching result (Fig. 6) is cal-
culated using the training set and applicable proba-
bility matching method. The points in Fig. 6 show the
larger value in P(A,;~=1) and P(4,=0). The 28 red
points denote P(i,=1|content)>P(/.=0|content),
which means the applicable knowledge. The green
points represent the non-application knowledge.

The training set consists of 35 design cases. The
number of related cases should be large enough to
ensure an accurate matching. Fig. 7 shows the com-
parison of matching results with the training sets
consisting of 5, 15, and 35 training samples. Dashed
lines highlight the results for 35 training samples. The

matching results for 15 training samples include
knowledge such as K26, K36, K54, and K57 but do
not include knowledge K70 and K77, compared with
those for 35 training samples. For example, K26 is
‘vertical lathe guide size’, K36 is ‘flat head guide gap
adjustment’, and K54 is ‘mechanical unloading de-
vice’. They are irrelevant to the design content. K70 is
‘calculation of reaction force and traction force’ and
K77 is ‘case of pressure calculation in dovetail guide’.
The lost knowledge is obviously useful to the design
process. Similarly, the result for 5 training samples is
also less accurate.

The design knowledge results in the above sec-
tions are suitable for the general designers. The hier-
archical design content is modeled by Egs. (2)—(4).
The experiment is designed by 100 sets of random
design feature vectors in 1x10° Monte Carlo steps
(MCSs), and the results are averaged over 10 inde-
pendent realizations. The evolution of knowledge
matching results is determined in the stationary state
after a sufficiently long relaxation lasting up to 2x10’
MCSs. As shown in Fig. 8, (s, as) and (#;, a;) are set
as (0.6, 0.5) and (1.15, 0.2) independently.

Substituting the determined values (75, @s) and
(11, o) into Eqgs. (2)—(4), Fig. 9 shows the comparison
of matching results for designers with different abili-
ties. It shows that skilled designers reduce knowledge
like K17, K24, K81, and K83, and rusty designers
increase knowledge like K10 and K15. It shows that
the design knowledge matching result can be filtered
by distinguishing the abilities of designers and
changing the feature weights in content.

Fig. 10 shows the knowledge push interface of
the design platform. At the left of the interface are
‘User info’ and ‘Design content’, and at the right are
the last push results of sliding guides pressure calcu-
lation by two different designers. By analyzing the
push results, knowledge K81 and K83 is not neces-
sary in the push results for the skilled designer
11325045, compared with the general designer
11625068. The orders of knowledge in the push re-
sults are also different. K77 and K78 are the case
knowledge and are completed by designer 11325 045.
Ultimately, the knowledge in the first row is K70,
called ‘calculation of reaction force and traction
force’ for designer 11325045, and K77 called ‘case of
pressure calculation in dovetail guide’ is the first
knowledge for designer 11625 068.
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Fig. 6 Results for design knowledge matching (References to color refer to the online version of this figure)

10° IR Tt TIrT o I e 35training samples * 15 training samples ~ ® 5 training samples
I | [ | LU L
S 'r+|_| | l TR I | BTV
S [T T R I [ TR AT A TR 1Y
e 1 [ R O I T I A | TR T I N TR TV
SOl dgksl 1T | TR I N TR Y
= (1T o B AR T 1 K,54K57|11|T|| TR T
SN 11 kg LT | warkaokaz | igsSedl TIAL 1 ks 11| I#]
R | Tl A TR R S TN O | T 1 ° T'I'lT.K%
S0z H]l 4 u+ rrntt ) TR H i A
= 1) S R ) B I I [ e | 114t
o LTI B R I T I | T & e
e e , | ORI
0 10 20 30 40 50 60 70 80 90

Design knowledge

Fig. 7 Results for design knowledge matching in different training sets (References to color refer to the online

version of this figure)
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Fig. 8 Evolution of design knowledge matching results: (a) variable-weight coefficients 7, and intervals a; for skilled
designers; (b) variable-weight coefficients #, and intervals a, for rusty designers (References to color refer to the online

version of this figure)

The results show that the design knowledge
matched by applicable probability can avoid manual
setting of the filter threshold, which makes up for the
shortcomings of similarity calculation in previous
studies. Furthermore, some researchers (Zhou et al.,

2009; Jiang et al., 2012) found design cases similar to
the design content from the knowledge center to ob-
tain the push results. However, if there is no design
case similar to the design content, knowledge matching
will not be realized. The applicable probability
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Fig. 9 Results of design knowledge matching for designers with different abilities (References to color refer to the

online version of this figure)
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Fig. 10 Push results for two different designers

matching method proposed here can provide accurate
matching results even for unknown design content by
using a training set and the Bayesian theorem.

The hierarchical design content models and
multidimensional context-driven sorting rules are
used to serve the personalized knowledge push in this
study.

A group of designers made a positive evaluation
of the knowledge push system in a machine tool

design test. Designers could benefit from the
knowledge in the head of the push queue, which can
mostly meet their own demands, and correspondingly
they can find the demanding knowledge more quickly.
Sorting theory is a simple way to achieve personali-
zation. In this study, we developed and consummated
the sorting theory compared with previous studies
(Liang et al., 2015; Feng et al., 2016) to make the
results more personalized. Some advanced methods,
such as intent capture, electroencephalogram (EEG)
recognition, and behavior modeling, are still in the
early stages of research. In the current stage, the
method proposed in this study can be better applied in
engineering. Different designers can shorten the time
to browse knowledge and improve design efficiency.

6 Conclusions

In this paper, a knowledge push technology
based on applicable probability matching and multi-
dimensional context driving was proposed to improve
the efficiency and quality of knowledge push:

1. We proposed the applicable probability
matching method in knowledge matching. Two prob-
ability values, i.e., application and non-application,
were calculated using a Bayesian theorem to describe
the matching degree between knowledge and content.
Different from traditional knowledge matching
methods, this method can set the filtering threshold
automatically.
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2. We proposed hierarchical design content
models and multidimensional context-driven sorting
rules to serve personalized knowledge push. The
hierarchical design content models overcame the
deficiency that a traditional model cannot meet dif-
ferent designers’ requirements. The multidimensional
context driven sorting of the push results ensures that
designers can find the highly demanded knowledge as
soon as possible.

3. We developed a knowledge push system based
on the intellectualized design of CNC machine tools
and provided an illustrative example on the design of
horizontal lathe guides. Experimental results showed
that the push results are accurate, and that the system
can provide a personalized knowledge push service.

Our proposed knowledge push technology can
solve the problems of knowledge matching and per-
sonalized knowledge push, but there are some aspects
that need to be improved. In hierarchical design con-
tent models, the parameter values in Egs. (2)—(4) are
difficult to set; once they are chosen, they cannot
guarantee uniformity in different design contexts.
This may affect the accuracy and satisfaction in per-
sonalized knowledge push. The refinement and per-
sonalization improvement of push results will be the
focus of our future work.
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