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Abstract

The KARMA system, which we saw in class, makes use of metaphorical mappings in trying to understand
newspaper stories. In particular, motion verbs play a significant role in conveying facts about entities in the
economic or business domain. It is claimed that mappings between the embodied motion domain and the
economic one occur frequently in business articles.

This project had two aims: first, to verify the claim that metaphoric use of motion verbs in reporting
business stories is a frequent phenomenon, and second, to try using a supervised machine learning approach
to classify occurrences of motion verbs in sentences as being metaphoric or not. For articles in the business
section of an online newspaper, we saw that 40% of all occurrences of motion verbs were metaphoric and
that an off-the-shelf machine learning tool gave about 70% accuracy on the task of classifying unseen
instances of motion verbs.

Although we were constrained to work an a small sample size (500 sentences) due to the need to hand
label the verb occurrences, these results support, if not verify, the claim that metaphors are used quite
frequently in the domain under consideration. They also indicate that it may be possible to use machine
learning to automatically classify motion verb instances as metaphoric and non-metaphoric.

1. Introduction

Consider the following sentence from an online business article at San Francisco
Chronicle's website':

“Stunned by the Internet implosion, the stock markets had been sliding for two
straight years , the first time that had happened in a quarter century.”

Here, “stock markets” are entities in the economic domain but the fact that their
situation had been steadily deteriorating for a long time is conveyed by the use of the
motion verb “sliding”. How is it that we can infer the poor performance of the stock
markets from this sentence even when there is no explicit reference to it ? It is by use of
two metaphors: one in which the economic entity is viewed as an agent capable of
moving or being moved, and the other which establishes a mapping between height and
performance (“Higher is Better”).

Now consider this sentence, from the same source:

“ ‘We 're talking about moving in with my mother in San Mateo, an aunt in New York
or a cousin in Canada,’ he said.”

! http://www.sfgate.com/



This time, the motion verb “moving” is not used in a metaphoric sense but refers to
an actual movement of people. In this report we will explore whether it is possible to
have a program learn to make this distinction.

Lexicon building efforts, like FrameNet, completely ignore metaphors. Given the
widespread use of metaphors in newspapers, etc., we ought to build systems that can
understand and analyze metaphoric sentences. But before we do that, we need a corpus of
sentences containing words used in a metaphoric sense. If it possible to have an
automated way of extracting metaphoric sentences from articles on the web, we can
easily build such a corpus using the numerous articles available online in newspaper
archives.

This report describes a small effort in that direction and is organized as follows. The
next section will describe the design of the system built as part of this project. We
describe the learning technique and results obtained in Section 3. Possible extensions to
this work are discussed in Section 4.

2. System architecture

The task of learning to recognize metaphoric instances of motion verbs is accomplished
in two stages. First, sentences containing motion verbs are extracted from an online
source automatically. A human needs to hand label the motion verb occurrences as
metaphoric and non-metaphoric. We provide a GUI application to ease this task a little
bit. A classifier is then learned from these labeled examples using a Support Vector
Machine (SVM) package. In the next stage, we extract more sentences from the web and
use the learned classifier to automatically classify them. See figure 1 for a schematic of
the system architecture.

We used two well tools in this project: Charniak’s parser® for parsing the sentences
and LIBSVM’ — a library for SVM’s. The rest of the code was written in Python, an
interpreted, platform independent, object-oriented scripting language ideal for rapid
prototyping projects such as this one.

Various components of the system are briefly described in the subsections below.

2.1 run.py

This is a Python script that downloads HTML pages from the news source specified on
the command line. Python provides extensive library support for connecting to URL’s
and parsing HTML documents. This makes it fairly straightforward to extract text from
the online pages. The script then saves the sentences in a form that can be given as input
to Charniak’s parser.

At present only two news sources are supported: The Hindu and San Francisco
Chronicle, but it is easy to add more.

2 ftp://ftp.cs.brown.edu/pub/nlparser/
? http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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Figure 1. Schematic of System Architecture

2.2 Charniak’s parser

This is a statistical parser for parsing English text and produces tagged parse trees for the
input sentences. The tags are the standard tags found in University of Pennsylvania tree-
bank tag set”.

2.3 readparse.py

This script reads the output of Charniak’s parser and uses it to find motion words that are
used as verbs in a sentence. For the list of motion words, (generated using the lexical

* http://www.comp.leeds.ac.uk/amalgam/tagsets/upenn.html




database WordNet’) see Appendix A. For every motion verb in a given sentence, we look
at the two closest nouns appearing its left and to its right. For each of them we find
whether it is a proper noun and whether it is a business word. Again, see Appendix B for
the list of business words. This gives us a feature vector (having eight Boolean features)
per motion verb.

The script stores each motion verb along with the containing sentence and feature
vector in a text file.

2.4 gui.py
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Figure 2. Screenshot of gui.py

Shown in figure 2 is a screenshot of the interface of the script gui.py. It is used to attach
labels to the feature vectors computed by readparse.py.

2.5 svm-train

This is a utility that comes with the LIBSVM package mentioned above. It uses SVM'’s to
generate a classifier from a given set of labeled examples. The user can choose from a
variety of options for the kernel to be used. The default kernel type is radial basis
function and is what we used.

> http://www.cogsci.princeton.edu/~wn/




2.6 svm-predict

This is a utility that uses a classifier previously generated by svm-train to classify new
examples. It also measures the accuracy of prediction in case the true labels of the

examples are known.

3. Results

We took 500 occurrences of motion verbs in parsed sentences and labeled them all
manually using gui.py. They were split into a training set of size 300 and a test set of size
200. Figure 3 shows the result of the svm-predict on the training and test sets.
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Figure 3. Screenshot of svm-train and svm-predict




The SVM classifier achieved accuracies of 70.6667% and 70% on the training and test
sets respectively.

After hand labeling 500 examples we found that 213 of them were metaphoric which
is about 42% of the total.

4 Discussion and Extensions

The way features are computed right now is rather ad hoc and arbitrary. In fact, it is
rather remarkable that such a naive approach achieved 70% accuracy. For example,
consider the sentence:

“Dreyer 's Grand Ice Cream, of Oakland, seized second place, climbing 85 percent
for the year to hit $70.96.”

The closest nouns to the left are “Oakland” and “place” but have nothing to do with
the agent of the verb “climbing”. In fact, figuring out the agent of a motion verb is a
problem that has not been solved completely.

Also, the classifier can get confused by proper names. In business articles, a proper
name often refers to companies, countries, etc. and hence it is reasonable to assume that if
it appears close to a motion verb, the agent of the verb is an abstract economic entity.
Such an assumption is hardly justifiable in general.

One desirable extension of the project is to design a kernel that captures the relevant
features in this problem and use it directly instead of indirectly proceeding via feature
vectors and using a standard kernel. To describe the theory of SVM’s is beyond the scope
of this report but it suffices here to mention that their performance in a given application
is heavily dependent on how good the choice of the kernel function is. There has been
some recent work on designing kernels of text mining but it was not consulted for this
project.
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Appendix A: Motion words

absei
abseil s
absei |l i ng
absei | ed

accel erate
accel erat es
accel erating
accel erat ed
advance
advances
advanci ng
advanced
ambl e

anbl es
anbl i ng
ambl ed
approach
appr oaches
appr oachi ng
appr oached
ascend
ascends
ascendi ng
ascended
bal | oon
bal | oons
bal | ooni ng
bal | ooned
bl ock

bl ocks

bl ocki ng
bl ocked
bol t

bol ts
bol ti ng
bol t ed
canter
canters
cantering
cant er ed
carom

car ons
car om ng
car oned
chasse
chasses
chassei ng
chassed
circle
circles
circling
circl ed

cl anmber

cl ambers
cl anmberi ng
cl amber ed
clinb
clinbs

cli mbi ng
cli nbed
col | apse

col | apses
col | apsi ng
col | apsed
crash
crashes
crashing
crashed
craw
craw s
crawl i ng
craw ed
creep
creeps
creepi ng
crept

Crui se
crui ses
crui sing
crui sed
dart
darts
darting
darted
dash
dashes
dashi ng
dashed
descend
descends
descendi ng
descended
di ve

di ves

di vi ng

di ved
dogt r ot
dogtrots
dogtrotting
dogtrotted
drift
drifts
drifting
drifted
drive
drives
driving
drove
fall
falls

i ng
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unced

ttering
ttered

gal | opi ng
gal | oped
glide
glides
gliding
glided
hast e
hast en
hast ens
hast eni ng
hast ened
heave
heaves
heavi ng
heaved
hi tch

hi t ches
hi t chi ng
hi t ched
hobbl e
hobbl es
hobbl i ng
hobbl ed
j aunt

j aunt s
aunti ng
aunt ed
erk
erks

er ki ng
er ked
iggle

i ggl es
i ggling
i ggl ed
0g

] 0ogs

| 09gi ng
ogged
oggl e
oggl es
oggl i ng
oggl ed
ol t
olts
ol ting
ol ted
our ney
our neys
our neyi ng
our neyed
unp
unps
unpi ng
unped

ki ck

ki cks

ki cki ng

ki cked

kneel

kneel s

kneel i ng

kneel ed

knock

knocks

knocki ng

knocked

| ash

| ashes

| ashi ng

| ashed

| eapfrog

| eapfrogs

| eapfroggi ng

| eapfrogged

| ungi ng

| unged
lurch

| ur ches

| urchi ng

| urched
maneuver
maneuver s
maneuveri ng
maneuver ed
mar ch

mar ches
mar chi ng

mar ched
nove

noves
nmovi ng
noved
nosedi ve
nosedi ves
over shoot
over shoot s
over shooti ng
over shot
overturn
overturns
overturning
overturned
pace

paces
paci ng
paced

par achut e
par achut es
par achuti ng
par achut ed
par asai
parasail s
parasailing
parasail ed
pitch

pi t ches

pi t chi ng
pi t ched

pl od

pl ods

p! oddi ng
pl odded
prance
prances
pranci ng
pranced
progr ess
progresses
pr ogr essi ng
progressed
pronenade
pr onenades
pr omenadi ng
pr onenaded
pr owl

prow s
prow i ng
prow ed
push
pushes
pushi ng
pushed
ranmbl e
rambl es
ranbl i ng
rambl ed
rap

raps



rapi ng
raped
ride
rides
riding
rode

roll
rolls
rolling
rolled
run

runs
runni ng
ran

rush
rushes
rushi ng
rushed
sai l
sails
sailing
sail ed
sashay
sashays
sashayi ng
sashayed
saunt er
saunters
saunt ering
saunt er ed
scanper
scanpers
scanpering
scanper ed
scranbl e
scranbl es
scranbl i ng
scranbl ed
scud
scuds
scuddi ng
scudded
scurry
scurries
scurrying
scurried
shanbl e

shanbl es
shanbl i ng
shanbl ed
ski d

ski ds

ski ddi ng
ski dded
ski p

ski ps

ski ppi ng
ski pped
slide

sli des

sl i ding
slid

slip
slips

sl i ppi ng
sl i pped
speed
speeds
speedi ng
speeded
spin

spi ns

Spi nni ng
spun

spi ral
spirals
spiraling
spiral ed
sprint
sprints
sprinting
sprinted
squirm
squi r s
squi rm ng
squi r nmed
st agger
st aggers
st aggeri ng
st agger ed
step

st eps

st eppi ng
st epped

st oop

st oops

st oopi ng
st ooped
stride
strides
striding
strode
stroll
strolls
strolling
stroll ed
strut
struts
strutting
strutted
stunbl e
st unbl es
stunbling
st unbl ed
SWi ng

SW ngs

SWi ngi ng
swung
tailspin
tail spins
t hr ust
thrusts
thrusting
t hr ust
trail
trails
trailing
trailed
tranp
tranps

t ranpi ng
t ranped
travel
travel s
traveling
travel ed
traverse
traver ses
traversing
traversed
tread

treads
treadi ng
treaded
trek
treks
trekki ng
trekked
trip
trips
tripping
tripped
trot
trots
trotting
trotted
trudge
trudges
trudgi ng
t rudged
turn
turns
turni ng
t ur ned
twi ddl e
twi ddl es
twi ddling
twi ddl ed
twirl
twirls
twirling
twirled
tw st
twi sts
twi sting
tw sted
vol | ey
vol | eys
vol | eyi ng
vol | eyed
wadd| e
waddl es
waddl i ng
wadd| ed
wade
wades
wadi ng
waded

wag

wags
wagi ng
waged
waggl e
waggl es
waggl i ng
waggl ed
wal k

wal ks
wal ki ng
wal ked
wal | op
wal | ops
wal | opi ng
wal | oped
wander
wander s
wanderi ng
wander ed
waver
waver s
wavering
waver ed
whi r |
whirls
whirling
whi rl ed
wi ggl e
wi ggl es
wi ggl i ng
wi ggl ed
wi nd

Wi nds

wi ndi ng
wi nded
wriggle
wriggl es
wriggling
wriggl ed
zoom
Z0Oomns
zooni ng
zooned



Appendix B: Business words

account ants
accounti ng
ads
advertising
al | ocati ons
anount
audi t

aver age
aver ages
bank
bankr upt cy
bar gai n
benefits
bill
billing
bonds
bonuses
budget

busi ness
busi nesses
capital
cash

cent

cents
commpdi ti es
commodi ty
conpani es
conpany
conpensati on
conpetition
corporate
corporations
cost

costs
counties
countries
country
credit

debt

debt s
deficit
denmand

di scounts
di vi dend

di vi dends
dol | ar
dol | ars

dot -com
ear ni ngs
econony
enpl oynment
esti nates
expenses
fare

fares

fee

f ees

firm

firms
freight
fund

f unds
gai n

gai ns
gover nnent
i ncone
ndex
ndustry
nflation
nsurance
nt er est
nvest ment
ayof f

| ayof fs

| oss

| osses

mar ket

mar ket s
noney
nor t gage
nor t gages
pay
paynent s
per cent
per cent age
prem um
prem uns
price
prices
producti on
profit
profits
pur chases
rate
rates

rent

rents

sal es
share
shares
spendi ng
spendi ngs
st ock

st ocks

t ax

t axati on

t axes
transacti ons
wages
weal t h
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