Experimental Examination of Feature Emergence in Metaphor Understanding
with Consideration for Individual Differences

Asuka Terai (Asuka@Nm.Hum.Titech.Ac.Jp)
Global Edge Institute, Tokyo Institute of Technology, 2-12-1 Ohokayama
Meguro-ku, Tokyo, Japan

Masanori Nakagawa (Nakagawa@Hum.Titech.Ac.Jp)
Graduate School of Decision Science and Technology, Tokyo Institute of Technology, 2-12-1 Ohokayama
Meguro-ku, Tokyo, Japan

Abstract considered as belonging to a "helpful” category that could

The purpose of this study is to clarify the mechanism of fea- be typically represented by a vehicle like “midwife”. Both

ture emergence within the process of understanding metaphors theories see metaphor understanding as basically requiring
of the form "A(target) like B(vehicle)” based on model sim-  a knowledge structure for concepts(targets, vehicles and so

ulation and psychological experiments. Feature emergence on)(Kusumi, 1995), and hold that metaphorical expressions
refers to low-salient features of a target and a vehicle being em-

phasized in the metaphor understanding process((Nueckles & Mphasize the high-salient features of a vehicle as the fea-
Janetzko, 1997)(Becker, 1997)et al.). However, previous stud- tures of the target.

ies have not examined the mechanism of feature emergence in . .

terms of individual differences. In this study, a psychological On the other hand, previous studies have shown that

exﬁefifgteht iz CQ?hdUCt,Ed using mu{tirﬂe E?odellsimlélatiton :e' the low-salient features of a target and a vehicle are also
ﬁ;vih%t Igilr?des (;/}/Ime\{ggﬁgfcpﬂ%ngiﬁéesgt(l)r:)%svlvr;]grr] ﬁ&rﬁeﬁo‘zﬂs emphasized within the process of metaphor understanding.
features emerge. The experimental results indicate that within And the studies reported that features play an important
the understanding process for metaphors that are low in terms part in metaphor understanding (Becker, 1997)(Nueckles &
gfeg?%'{ é%?&’fg gﬂgggn%? understandability there is a great Janetzko, 1997)(Gingste, Indurkhya., & Scart, 2090)(U'§sumi,
Keywords: metaphor, simile, neural network, feature emer- 2005). Previous studies have examined the relatlops_hlps be-
gence tween feature emergence and metaphor characteristics. Par-
ticipants were asked to respond with high-salient features of

Introduction a target, a vehicle or a metaphor (that is "target” compared

P(_) "vehicle”). It should be noted that emergent features are

In this paper, the mechanism of feature emergence, OCCuusuaII determined as being features that are given as high-
ring within the process of understanding for metaphors rep- y 9 9 9

resented in the form of "A(target) like B(vehicle)”, is investi- s?llePtrfea}[turne ds ofva rr]rll eltapwhﬁ r rt?ut r;f[)it ?zmgh-rsallerllt E?tulriets
gated in terms of individual differences using a psycholog-oheahfl gesazliientafe:tu(r:ei’ of : tapraetc gf asthEi:c?eS ai q (())f Z
ical experiment and simulations of a computational modef 9 get,

of metaphor understanding. There are two types of theorie'énetaphor' Furthermore, metaphor characteristics are usually

Ut pychology ( accout o th urdersiandng proces{o1eSeIEd 35 mean eiluaon g foreach etapo
of metaphors, where one noun is likened to another. Th ' 9

first type consist of comparison theories, such as the Struc-emeen participants who regard a metaphor as being under-

ture Alignment Theory (Gentner & Wolff, 1997), which the standable and thu; produce many emergent features, on the
second type are categorization theories, such as the Class l?]r_le_hand, and parpmpants who find the same metaphor as be-
clusion Theory (Glucksberg & Keysar, 1990). Within com- ing incomprehensible and do n.ot produce any emergeqt fea-
parison theories, metaphor understanding is realized by aligr%yrfds’don tri]r?dic\)/tizer Ihc?i?fd.r I;‘ thlsApapre(;inthlls (t'jr:fi“ferencer IS :le

ing similar elements of the target and the vehicle (Gentner glarded as ual difference. Accordingly, this paper co

Wolff, 1997). For example, in understanding the metapho ucts an experiment using model simulation results in order

"Socrates is like a midwife”, the understanding process is re'_to examine the relationships between feature emergence and

alized when similar elements relating to "help to birth” are meta_phor characteristics with consideration for such individ-
identified in both "Socrates” and "midwife” and are mutu- ual differences.

ally aligned. However, this theory faces difficulties from  Previous computational models of metaphor understanding
the perspective of distinguishing between targets and vehhave proposed that feature emergence is due to an interaction
cles. In categorization theories, metaphor understanding iamong features (Utsumi, 2000), (Terai & Nakagawa, 2007),
explained in terms of class-inclusion statements, where a ta(Terai & Nakagawa, 2008). However, while the first model
get is regarded as being a member of an ad hoc category @ftsumi, 2000), based on a psychological experiment, does
which the vehicle is a prototypical member(Glucksberg &not attempt to represent the dynamic interaction among fea-
Keysar, 1990). For example, in comprehending the metaphdures, the final two models (Terai & Nakagawa, 2007),(Terai
of "Socrates is like a midwife”, the target of "Socrates” is & Nakagawa, 2008) is able to incorporate such dynamic in-
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teraction because they are constructed using a recurrent neization process and a dynamic interaction process. Firstly,
ral network. Furthermore, those two models can adequatelthe knowledge structure of concepts is estimated through sta-
cover many kinds of metaphorical expressions because thdistical language analysis (Kameya & Sato, 2005) employ-
are based on a statistical language analysis. While Terai 8ng extracted frequency data for adjective-noun modifica-
Nakagawa'’s (2007) model suffers somewhat in its inability totions and three types of verb-noun modification in Japanese.
distinguish targets and vehicles, because it is based on a comhe statistical method assumes that the tem(soun) and
parison theory, Terai & Nakagawa's (2008) model avoids that;(adjective or verb) co-occur through latent classes and that
problem because it is based on a categorization theory. Thie co-occurrence probabilities of these terfgy, a;), can
later model is also capable of computing feature emergendee computed using formula(1).
within the metaphor understanding process, and its psycho-
logical validity has been examined in an experiment. A pa-
rameter of the model indicates the strength of interaction in-
fluence, which makes it possible to simulate the understand-
ing process either with many emergent features or withoufvheregy indicates thé«-th latent class assumed in the method.
emergent features. Hence, this paper conduct a psychologiche parameters(ni|cy), P(aj|cy), andP(cy)) are estimated
experiment using the results of Terai & Nakagawa's (2008)as the value that maximizes the log likelihood of the co-
model simulation in order to clarify the mechanism of featurepccurrence frequency data betwegranda; using the EM
emergence with consideration for individual differences.  algorithm. In this paper, these parameters are estimated from
The procedure for conducting the experiment is as followsextracted data consists of 21,671 noun types and 3,403 ad-
Step 1: The model simulates three versions of the metaphojective types for adjective-noun modifications, 29,745 noun
understanding process (with many emergent features, witfypes and 22,832 verb types for verb-noun(object), 26,113
few emergent features, and without any emergent featuregjoun types and 21,487 verb types for noun(subject)-verb,
by changing the value of the parameter representing the inand 28,451 noun types and 24,231 verb types for verb-
fluence of interaction. Specifically, the parameter value detemoun(modification). The model deals with the 18,142 noun
mines of the level of feature emergence within the metaphotypes () that are common to all four types of modification
understanding process. The model outputs three kinds of fegfata. The conditional probability of the latent clagsyiven
ture sets as interpretations of a metaphor in accordance witle nounn; (P(ck|ni)) is computed using Bayes’ theory. The

the parameter values. nouns(concepts) are represented by vectors using the condi-
Step 2:In order to clarify whether feature emergence occursional probability P(ck|n)).

as part of the understanding process for a given participant

the participants are asked to evaluate the validity of the var- In th_e categorization process model, a vector, representing
an assigned target as a member of an ad hoc category for a

ious simulation results from Step 1. Thus, the Step 2 reSU|tsehic|e, is estimated based on a categorization theory using

provide indication as to which parameter setting is the mos; X .
. ) meaning vectors of concepts. The algorithm for the cate-
appropriately matches the metaphor understanding process ot .. : . ; .
gorization process is as follows. First, the semantic neighbor-

each participant in question. . . o h

Step 3: The same participants from Step 2 evaluate theh.oo.d Q\_I(n.)) ofaveh_|cle of SIZ&1S computed on the basis O_f
- . . . similarity to the vehicle, which is represented by the cosine

characteristics of the metaphors (their conventionality, under=

o X S of the angles between meanings. Nextconcepts are se-
standability, interestingness, and the similarity between a ve- . . i
X ected from the semantic neighborhodd{()) of the vehicle
hicle and a target).

) . . - on the basis of similarity to the target {ndicates the number
Step 4: The mechanism of feature emergence is clarified by the selected concepts). Finally, a vector is computed for

) . . ) f
identifying the relatlpn_shlps bt_etween feature emergence anﬁ]e centroid of the meaning vectors for the target, the vehi-
metaphor characteristics obtained at Steps 2 and 3. :

cle and the selectddconcepts as the vector representing the

Model Simulation of Metaphor Understanding assigned target as a member of the ad hoc category for a vehi-

. cle. The computed vector represents the assigned target as a

In order to represent the metaphor understanding processes . .

. . member of an ad hoc category for a vehicle and the vector is

with many emergent features, with a few emergent fea- . . ) :

. . indicated using/(M). The strength of relationship between

tures and without any emergent features, Terai & Naka; L2 S :

. T featurea;(adjectives or verbs) and(M) is indicated using
gawa’s(2008) model of metaphor understanding is used. | (aj[M)
iIM).

can represent many types of metaphor understanding pro- o _ _
cesses relating to feature emergence by changing the valueln the dynamic interaction process model, the meaning of
of the parameter that represents the influences of interactich metaphor is computed using the meaning vectors estimated

P(ni,aj) = 5P(ni|ck)P(aj|ck)P(ck), 1)

among features. by the categorization proce§%;|M)) by applying the dy-
) namic interaction process model using a recurrent neural net-
The model of Metaphor Understanding work model(Fig.1). Each node corresponds to a feature and

The model (Terai & Nakagawa, 2008) is based on a statisticahere are connections. These nodes have both inputs and out-
language analysis and consists of two processes: a categmdts. The dynamics of the network are based on the following
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system of simultaneous differential equations(2): . .
y q ) Table 1: The model simulated the metaphor understanding

dxq(t) processes for the 16 metaphors (A (target) like B (vehicle)”)
gt = SXH-0t)(=Xq(t) + BrgWag X (1) +1a(M)),  (2)

target vehicle
wherexq(t) represents the activation strength of ¢ath node holiday directing post
ballpark bucket

at timet. The range is between 1 and 8xg—a t) is the )
term for convergence which decreases according to time compassion  flurry
When dxq/dt = 0, the node output©q(M) = X4(t). The time flood

vectorQ(M)), which is a set 0Dq(M), represents the mean- suspicion tumor
ing of the metaphal. I4(M) represents the input value of the love: season
grth node related to the metaphdr The value oP(aj(q)|M) blowing snow  muddy stream
is used as the input valug(M) wherea; corresponds to the eye lake
meaning of they-th node.wyy denotes the weight of the con- demo avalanche
nection from they/-th to theg-th node and is the correlation conversation  gear
coefficient among ther-th andq'-th features related to the romance fever
sibling concepts of the target and the vehidiedenotes the music score  cipher
influences of the dynamic interaction among features. The affections vortex
model can represent many types of metaphor understand- difficulty wall
ing processes from the perspective of feature emergence by discussion war.
changing the value of the paramefer fury eruption
outputs . . . i
O, (M) O,(M) 0,(M) O, (M) 1: 42 undergraduates; Group 2: 43 undergraduates). Partic-

T T T T ipants in one group were asked to respond with appropriate
?{? L. - features for the target and for the vehicle, while participants
@ @‘ @ ed in the other group were asked to respond with appropriate

T T 1T T features for the metaphor. Features given by three or more
I,(M) I,(M) 1,(M) 1,(M) participants were regarded as being appropriate features for

the vehicle, the target, or the metaphor, respectively, while the
features that were given as being appropriate for the metaphor
Figure 1: The architecture of the model of metaphor underput not for the vehicle or the target were regarded as emer-
standing (e.g. "Difficulty like a wall”) gent features. The pilot study results indicate that the emer-
gent features of "difficulty like a wall” are "run over”, "get”,
. . and "block”. The model witf3 = 0.3 and3 = 0.6 estimates
The Results of the Model Simulations "be blocked” (as passive of "block”) as the 9th most salient
The model simulated the metaphor understanding procességature and as the 7th most salient feature, respectively. The
concerning 16 metaphors in Japanese. In a previougodel with = 0.3 and = 0.6 estimates the passive fea-
study(Nakamoto & Kusumi, 2004), 120 metaphors were clasture which is defined as the emergent feature through the pi-
sified into 7 categories based on their characteristics. Threl@t study. The results also demonstrate thatfhealue rep-
metaphors were selected from two categories consisting desents the extent of feature emergence within the metaphor
very understandable metaphors and 2 metaphors were e{nderstanding process.
tracted from each of the other categories. These 16 metaphors ) . . )
are presented in Tablel. Experiment using the Simulation Results

The model was simulated using the fixed parameters ofn order to clarify the relationships between feature emer-
s=50,L =3, a =In(10). The value of the parametBrwas  gence and the characteristics of metaphors, an experiment
changed3 =0, B = 0.3 andp = 0.6. The simulation results was conducted.
with B = 0 correspond to metaphor understanding without
feature emergence, the simulation results vfita 0.3 cor- Method
respond to low occurrences of feature emergence, while thRarticipants: 45 undergraduates.
results withp3 = 0.6 correspond to metaphor understandingMetaphorical expressions:16 metaphors, which were used
with a considerable level of feature emergence. The simulafor the model simulation.
tion results are shown in Table2. Simulation results: Results with3 =0, 3 = 0.3 andpB = 0.6

The pilot study was conducted for the purpose of confirm-Characteristics of the metaphors: understandability, con-
ing the efficiency of the parametfr The participants were ventionality, interestingness, similarity between a vehicle and
85 undergraduates, who were divided into two groups (Grou target, which are used in the previous study(Nakamoto &

inputs
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Table 2: Metaphor meanings computed by the model ("difficulty like a wall”). The output values are shown in parentheses
These are the top 10 features. The emergent features are shown in bold type.

B=0 =03 B=0.6
1  high (0.0431) high (0.0558) be surrounded (0.4000)
2 various (0.0293) be surrounded (0.0438) be covered (0.3985)
3 getover (0.0267) be covered (0.0422) run on (0.3956)
4  thick (0.0261) run on (0.0393) encounter (0.3926)
5  white (0.0242) white (0.0372) hit (0.3921)
6  be surrounded (0.0173) encounter (0.0363) climb (0.3907)
7  breach (0.0162) O hit (0.0358) be blocked(0.3888)
8  becovered (0.0157) climb (0.0344) crash into (0.3877)
9  big (0.0157) be blocked(0.0325) plow into (0.3875)
10 collapse (0.0149) crash into (0.0314) be buried (0.3872)

Kusumi, 2004). 7-point scale, from 1 "Strongly disagree” to
7 "Strongly agree”.
The experiment consisted of two parts:evaluating the va-

Table 3: Evaluation results concerning the validity of the sim-
ulation results.

lidity of the simulation results and evaluating the characteris- metaphor mean entropy rating
tics of the metaphors. holiday-directing post 049 1.13 4.91
Evaluating the Validity of the Simulation Results Eglrlnpr? a:zs?grfﬁﬁjrw %i; 11317 iélz
In order to clarify whether feature emergence occurs within time-flood 041 1.36 5.56
the understanding process of a given participant, the partic- suspicion-tumor 043 1.29 5.22
ipants evaluated the validity of the simulation results. The love-season 0.51 0.92 5.67
participants were presented with each metaphor and the threeblowing snow-muddy stream 1.58  1.09 5.80
simulation results (top 10 features) wigh= 0, f = 0.3 and eye-lake 0.15 1.26 5.51
B = 0.6, although the significance of the different output val- demo-avalanche 025 1.44 5.87
ues was hidden with a story about them being the results conversation-gear 032 157 5.38
from three different computers (Computer A, Computer B romance-fever 0.24 1.50 5.38
and Computer C). The participants were asked to evaluate themusic score-cipher 045 1.19 5.31
validity of each interpretation and to choose one computer affections-vortex 025 1.52 5.84
that had simulates the most appropriate interpretations. difficulty-wall 0.29 1.58 5.73
In this paperf3* indicates thd that was used in the simu-  discussion-war 0.45 1.28 6.07
lation that yielded the results that were selected as being thefury-eruption 0.51 0.96 5.13

most appropriate interpretation. The mean and the entropy of
B*, as well as the mean ratings for the simulation results using

B*, are shown in Table3. participants were presented with each metaphor and they
On the scale, 5 corresponded to "slightly agree that thgvere asked to evaluate its characteristics. The mean ratings
interpretation is appropriate” (with 4 being "neutral”). The for metaphor characteristics are presented in Table4.
rating means for 14 metaphors are in excess of 5, while the
means for the remaining two metaphors are in excess of 4elationships between Feature Emergence and the
These results indicate the validity of the simulation results. Metaphor Characteristics
The entropy of* represents the individual difference in In order to clarify the relationships between feature emer-
terms of feature emergence. If one third of the participantgjence and metaphor characteristics, a number of statistical
choseB* = 0, one third chosg8* = 0.3 and the other one analyses are conducted using 717 responses (45 participants
third chose* = 0.6, the entropy of3* would bel.59. The  muiltiplied by 16 metaphors minus 3 not available responses).
entropies for 2 metaphors are less than 1. This indicates that one-way analysis of variance was carried out to examine
there are individual differences relating to feature emergencehe differences in the ratings for each characteristic as a func-
within each metaphor understanding process. tion of the B used for the simulation results that were cho-
. . sen as being the most appropriate interpretat[dn. ( The
Evaluating the Characteristic of the Metaphors results indicated that while there were no significance dif-
In the second part of the experiment, the participants weréerences for conventionality, interestingness and similarity,
asked to evaluate the characteristics of the metaphors. Thbhere was a significantly effect @* for understandability
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Table 4: Evaluation results for the metaphor characteristic3able 5: The results of two-way analysis of variance test-
(US: understandability, CV: conventionality, IR: interesting- ing differences in conventionality as a function of both un-

ness, SL: similarity) derstandability (low or high) an@*.
metaphor Uus Cv IR SL SumSq Df Fvalue PKF)
holiday-directing post 259 200 357 223 p* 4.69 2 1.23 0.29
ballpark-bucket 280 191 239 2.29 understandability 673.28 1 352.2 <2e-16
compassion-flurry 3.22 236 3.22 2.67 [*xunderstandability 10.64 2 2.78 0.06
time-flood 3.40 247 333 291 Residuals 1359.13 711
suspicion-tumor 3.62 247 353 3.22
love-season 3.82 236 4.18 3.64
blowing snow-muddy stream 4.13 2.62 3.42 351 97
eye-lake 415 276 442 333 2 N
demo-avalanche 452 357 3.86 426 2.1 ____ -— | — lowunderstandability
conversation-gear 5.11 3.49 4.47 4.07 g 3 gr_OUp »
romance-fever 544 358 473 464  F° -- gﬁtsnde“ta”dab"'ty
music score-cipher 544 400 496 4.60 0 0.3 0.6
affections-vortex 5,60 4.11 4.76 4.29 p*
difficulty-wall 596 5.04 4.16 5.13
discussion-war 6.00 4.42 473 4.69

Figure 3: Differences in the ratings for conventionality as a

fury-eruption 6.13 493 442 564 function ofB*

(F(2,714)=3.06, R.05), as shown in Fig.2. This result sug- Table 6: Cross tabulation of the understandability groups and
gests that there is a relationship between understandabiliffie conventionality groups
and feature emergence.

Understandability

Reponses to each metaphor by each participant were then high low
are divided into two groups according to the ratings for under- Riah 193 4
standability, with understandability ratings of 1- 4 comprising Conventionality 9

the low-understandability group and a high-understandability low 243 273

group consisting of the remaining responses. A two-way

analysis of variance was conducted for the each characteristic

apart from understandability as a functionfdf The results into two groups according to the ratings for conventional-

indicated a marginally significant interaction in terms of con-ity, with conventionality ratings of 1- 4 comprising the low-

ventionality (as showing in Table5 and Fig.3). However, noconventionality group, and a high-conventionality group con-

significance differences were observed in terms of interestsisting of the remaining responses. Cross tabulation of the

ingness and similarity. These findings indicate that featureinderstandability groups and the conventionality groups is

emergencef{*) can be influenced by a combination of the shown in Tab.6.

conventionality and understandability characteristics. The number of responses in the low-understandability and
Accordingly, all responses were subsequently are dividedhe high-conventionality cell is only 4. Hence, these 4

cases were ignored, and a one-way analysis of variance was

conducted to test for differences between the other three

cells (high-understandability and high-conventionality (H-

s’ —E

a6 H), high-understandability and low-conventionality (H-L),

4 5 and low-understandability and low-conventionality (L-L)) as

g 4 a function of*. The results indicated a significant effect

§ 3 of B* on these three groupings (F(2,710)=5.2%,.601), as

= 2] shown in Fig.4.

=~ 1 0 03 06 The results indicate that the value Bf was highest for
p* ' the L-L grouping, while the value db* was lowest for the

H-L grouping. Thus, while feature emergence would seem

to occur when a metaphor is neither understandable nor con-
Figure 2: Differences in the ratings for Understandabi”ty as a/entionaL feature emergence seems to happen less when a
function of B* (* p<.05 (Tukey test)) metaphor is very understandable but not conventional.
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0.5 estingness and similarity between a vehicle and a target were
0.4 singled out as characteristics of metaphors. However, previ-
ous research has also examined that the relationships between
feature emergence and the poetic appreciation of metaphors,
and argued that there are also individual differences in terms
of poetic appreciation((Utsumi, 2005)). With the present ex-
0~ perimental method of employing simulation results, it will
H-H H-L L also be possible to investigate such relationships in greater
detail.

Figure 4: Differences if3* values as a function of the various Acknowledgments
understandability and conventionality groupings (%.p5
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