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Abstract 

This paper describes a new approach for understanding compound nouns. Since several approaches 

hav e demonstrate d th e difficultie s i n finding  detaile d an d suitabl e semanti c relationship s withi n 

compound nouns ,  w e us e onl y a  fe w basi c semanti c relationship s an d provid e th e syste m wit h th e 

additiona l  abiht y t o lear n th e detail s o f  thes e basi c semanti c relationship s fro m trainin g examples . 

Our  syste m i s base d o n a  backpropagatio n architectur e an d ha s bee n traine d t o understan d com -

poun d noun s fro m a  scientifi c  technica l  domain .  Th e tes t  result s demonstrate d tha t  a  connectionis t 

networ k i s abl e t o lear n semanti c relationship s withi n compoun d nouns . 

Introduction 

Understanding compound nouns plays an important role in understanding natural language. In the 

past ,  differen t  approache s fo r  understandin g compoun d noun s hav e bee n investigate d i n artificia l 

intelUgence ,  linguistics ,  an d cognitiv e scienc e ((Marcu s 80 )  (Fini n 80 )  (McDonal d 82 )  (Lehner t 

86)  (Aren s 87 )  (Dah l  87)) .  Mos t  approache s relie d o n a  representatio n o f  th e word s i n compoun d 

noun s a s frame s o r  semanti c feature s an d containe d fixed  contro l  structure s whic h determine d th e 

semanti c relationship s betwee n th e words .  Fo r  example ,  Fini n (Fini n 80 )  use d frame s t o predic t 

th e semanti c relationship s betwee n word s an d a  hierarch y o f  rule s t o identif y th e bes t  relationship . 

McDonald' s syste m (McDonal d 82 )  i s base d o n Fahlman' s paralle l  semanti c networ k (Fahlma n 79 ) 

and use d marke r  passin g t o find  th e semanti c relationship s betwee n wor d concepts . 

These approaches try to understand compound nouns by coding as much knowledge as possible 

abou t  th e words ,  semanti c relationships ,  an d contro l  structures .  I n thi s pape r  w e investigat e a 

differen t  approac h fo r  understandin g compoun d noun s consistin g o f  tw o words .  W e us e onl y a  fe w 

basi c semanti c relationship s an d provid e th e syste m wit h th e abiUt y t o lear n th e detail s o f  th e 

basi c semanti c relationship s fro m trainin g examples .  Instea d o f  encodin g knowledg e structure s an d 

contro l  structure s fo r  understandin g compoun d nouns ,  basi c semanti c relationship s i n compoun d 

noun s ar e learne d usin g a  connectionis t  architecture . 

The Domain and the Basic Semantic Relationships 

Compound nouns are frequently used in almost every domain. Our domain is the NPL^ corpus 

(Sparck-Jone s 76 )  whic h contain s abstract s an d querie s fro m th e physica l  sciences .  Fro m thi s corpu s 

'Nationa l  Physic s Laborator y 
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we randoml y chos e 10 8 compoun d noun s consistin g o f  tw o words ,  e.g .  "hea t  effect" .  Eac h wor d i s 

represente d a s a  binar y vecto r  o f  1 6 semanti c features ,  whic h wer e extracte d b y usin g th e N A S A 

thesauru s (NAS A 85) .  Fo r  a  mor e detaile d descriptio n o f  th e proces s o f  featur e extractio n se e 

(Wermte r  an d Lehner t  89) .  Figur e 1  illustrate s th e semanti c feature s fo r  th e compoun d nouns . 

Semanti c Feature s 

M E A S U R I N G - E V E NT 

C H A N G I N G - E V E NT 

SCIENTIFIC-FIEL D 

P R O P E R TY 

M E C H A N I SM 

ELECTRIC-OBJECT 

PHYSICAL-OBJECT 

RELAT ION 

O R G A N I Z A T I O N - F O RM 

G AS 

SPATIAL-LOCATIO N 

T I M E 

E N E R GY 

M A T E R I AL 

A B S T R A C T - R E P R E S E N T A T I ON 

E M P TY 

Example s 

Observation ,  Investigation ,  Researc h 

Amplification ,  Acceleration ,  Los s 

Mechanics ,  Ferromagnetic s 

Intensity ,  Viscosity ,  Temperatur e 

Experiment ,  Technique ,  Theore m 

Transistor ,  Resistor ,  Amplifie r 

Earth ,  Crystal ,  Vehicle ,  Roo m 

Cause,  Dependence ,  Interactio n 

Layer ,  Level ,  Stratification ,  F-Regio n 

Air ,  Oxygen ,  Atmosphere ,  Nitroge n 

Antarctic ,  Earth ,  Range ,  Region ,  Sourc e 

June ,  Day ,  Time ,  Histor y 

Radiation ,  Ray ,  Light ,  Sound ,  Curren t 

Aluminium ,  Water ,  Carbon ,  Vapou r 

Note ,  Data ,  Equation ,  Term ,  Paramete r 

Cavity ,  Vacu a 

Figur e 1 :  Semanti c Feature s o f  th e Noun s an d Example s 

To represent basic semantic associations between words we use 7 basic semantic relationships. We 

specif y a  Basi c Semanti c Relationshi p a s a  prepositio n paraphras e (se e figure  2) .  Fo r  example , 

a "roo m experiment "  ha s th e basi c semanti c relationshi p IN- P sinc e th e experimen t  i s "in "  a  room , 

and a n "excitatio n mechanism "  ha s th e basi c semanti c relationshi p FOR- P sinc e i t  i s  a  mechanis m 

"for "  excitation .  Eac h compoim d nou n ca n hav e differen t  basi c semanti c relationships ;  fo r  instance , 

a "feedbac k circuit "  i s  a  "circui t  FOR- P feedback "  o r  a  "circui t  WITH- P feedback" .  Eac h basi c 

semanti c relationshi p ca n hav e severa l  meanings ;  fo r  instance ,  th e IN- P i s differen t  fo r  "storag e 

IN- P computer "  an d "disturbanc e IN- P atmosphere" . 

Basi c Semanti c Relationship s 

BY- P 

FOR-P 

F R O M -P 

IN- P 

OF-P 

ON-P 

WITH- P 

Example s fo r  th e Basi c 

Impurit y Conductio n 

Excitatio n Mechanis m 

Space Vehicl e 

Room Experimen t 

Oxygen Emissio n 

Ski n Eff'ec t 

Amplifie r  Circui t 

Semanti c Relationship s 

Figur e 2 :  Th e Basi c Semanti c Relationship s 
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We consider the basic semantic relationships as a first step to differentiate semantic relationships 

accordin g t o thei r  mai n properties .  Thi s genera l  concep t  o f  classifyin g semanti c relationship s ac -

cordin g t o prepositio n paraphrase s ha s bee n foun d usefu l  i n severa l  studie s o n compoun d noun s 

(e.g. ,  (Le e 60 )  (Lev i  78 )  (Fini n 80)) ,  sinc e prepositio n paraphrase s contai n genera l  relationships ; 

e.g. ,  F R O M - P expresse s a  source ,  F O R - P expresse s a  purpose ,  an d IN- P expresse s inclusion .  Ou r 

goal  her e i s t o specif y basi c semanti c relationship s a s prepositio n paraphrase s an d t o buil d a  syste m 

whic h leam s th e underlyin g semanti c relationship s fro m trainin g examples . 

The Architecture 

The architecture for learning semantic relationships is a backpropagation network with three layers 

(se e figure  3) .  Th e botto m laye r  consist s o f  3 2 binar y inpu t  unit s fo r  th e semanti c feature s o f  th e 

tw o word s i n th e compoun d noun .  Th e hidde n laye r  i s a  7  x  1 2 arra y o f  hidde n units ,  1 2 hidde n 

unit s fo r  eac h o f  th e 7  basi c semanti c relationships .  Th e to p laye r  consist s o f  7  real-value d outpu t 

units ,  on e fo r  eac h o f  th e 7  basi c semanti c relationships . 

Each output unit is connected only to all hidden units of the same basic semantic relationship. 

Al l  hidde n unit s ar e connecte d t o al l  inpu t  units .  Thi s modula r  organizatio n ha s tw o advantages : 

(1 )  trainin g an d testin g fo r  eac h basi c semanti c relationshi p ca n b e don e independently ,  an d (2 ) 

adding ,  deletin g an d modifyin g a  basi c semanti c relationshi p doe s no t  requir e retrainin g th e whol e 

network . 

7 outpu t  unit s (basi c semanti c relationships )  fo r  th e compoun d nou n 

BT-p or- p oii- p Df- p roB- p nwn- p ttth- p 

.7 x 1 2 hidde n 
unit s 

2x1 6 inpu t  unit s (semanti c features )  fo r  a  2-wor d compoun d nou n 

Figur e 3 :  Th e Structur e o f  th e Backpropagatio n Networ k 
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Trainin g th e Networ k 

First, 108 compound nouns consisting of two words were randomly selected from the NPL corpus. 

Each compoun d nou n wa s represente d wit h 3 2 binar y features ,  1 6 fo r  eac h word .  Th e 10 8 compoun d 

noun s wer e divide d int o 8 8 compoun d noun s fo r  a  trainin g se t  an d 2 0 compoun d noun s fo r  a  tes t 

set .  Becaus e o f  th e modula r  architectur e th e networ k ca n b e traine d i n separat e module s fo r  th e 

differen t  basi c semanti c relationships .  Fo r  eac h o f  th e 7  basi c semanti c relationship s th e featur e 

representation s o f  th e 8 8 compoun d noun s wer e presente d a s th e inpu t  togethe r  wit h a  desire d 

binar y plausibilit y  valu e a s th e output .  Th e plausibilit y  valu e indicate s i f  th e basi c semanti c 

relationshi p betwee n th e tw o word s i s plausibl e (valu e 1 )  o r  no t  plausibl e (valu e 0) .  Th e followin g 

exampl e show s tw o o f  th e 8 8 trainin g example s fo r  th e basi c semanti c relationshi p IN-P :  "Plasm a 

layer "  i n th e sens e o f  "laye r  IN- P plasma "  i s  plausible ,  whil e "sunspo t  number "  i n th e sens e o f 

"numbe r  IN- P sunspot "  i s no t  plausible . 

PLASMA LAYE R 

SUNSPOT NUMBER 

- > 

- > 

LAYER IN- P PLASMA 

NUMBER IN- P SUNSPOT 

1 

0 

For  eac h o f  th e 7  basi c semanti c relationship s th e semanti c feature s an d plausibilit y  value s o f 

th e 8 8 compoun d noun s wer e presente d fo r  80 0 cycle s (tha t  i s  7040 0 trainin g examples) .  Th e 

backpropagatio n algorith m (Rumelhar t  et .  al .  86 )  wa s use d t o lear n th e plausibilit y  o f  eac h basi c 

semanti c relationship^ .  T o b e independen t  o f  th e rando m star t  initializatio n o f  th e network ,  thre e 

differen t  run s (eac h wit h th e 7040 0 trainin g examples )  wer e conducte d fo r  eac h o f  th e 7  basi c 

semanti c relationships .  Withi n thi s learnin g phas e th e averag e o f  th e tota l  su m square d erro r  fo r 

al l  trainin g example s ove r  al l  2 1 run s decrease d fro m 23. 2 a t  th e star t  o f  th e trainin g t o 1. 4 a t  th e 

end o f  th e training . 

Evaluation of the Test Results 

After training, the network was tested on the training set of 88 compound nouns and the test set of 

20 compoun d nouns .  Th e semanti c featur e representatio n o f  th e compoun d noun s i n th e tes t  se t  ha d 

not  bee n par t  o f  th e trainin g set .  Th e networ k wa s teste d b y presentin g th e featur e representatio n 

of  a  compoun d noun ,  an d th e syste m compute d th e plausibiht y valu e fo r  eac h basi c semanti c 

relationship .  A  basi c semanti c relationshi p i s considere d correct ,  i f  th e compute d plausibilit y  valu e 

deviate s les s tha n 0.4 9 fro m th e desire d valu e 1  fo r  a  plausibl e basi c semanti c relationshi p an d fro m 

th e desire d valu e 0  fo r  a n implausibl e basi c semanti c relationship . 

'Th e learnin g rat e t j  wa s se t  t o 0.01 ,  th e weigh t  chang e momentu m a  wa s 0. 9 fo r  al l  experiments . 
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Basi c Semanti c Relationship s 

BY- P 

FOR-P 

F R O M -P 

IN- P 

O FP 

ON-P 

VVITH- P 

Correc t  i n th e Trainin g Se t 

9 4 % 

9 7 % 

9 4 % 

96 % 

93 % 

9 8 % 

9 8 % 

(Correc t  i n th e Tes t  Se t 

83 % 

73 % 

8 2 % 

73 % 

7 7 % 

95 % 

88 % 

Figur e 4 :  Basi c Semanti c Relationship s i n Trainin g Se t  an d Tes t  Se t 

Figur e 4  illustrate s th e overal l  syste m performanc e o n th e trainin g se t  an d o n th e tes t  se t  fo r  eac h 

basi c semanti c relationship .  Th e averag e percentag e o f  correctl y learne d trainin g example s fo r  th e 

thre e differen t  learnin g run s i s betwee n 9 3 % an d 9 8 % ,  th e percentag e o f  correctl y generahze d tes t 

example s i s betwee n 7 3 % an d 9 5 % . 

Figure 5 shows a more detailed interpretation of representative examples from the test set of new 

compoun d nouns .  Eac h compoun d nou n i s show n wit h th e compute d plausibilit y  value s fo r  eac h 

basi c semanti c relationship ^  W e sa y tha t  a  basi c semanti c relationshi p fo r  a  compoun d nou n exist s 

i f  th e compute d plausibilit y  valu e i s greate r  tha n o r  equa l  t o 0.5 . 

C o m p o u nd Noun s 

Heat  Exchang e 

Transisto r  Lif e 

Writin g Metho d 

W i n g Motio n 

Wavefor m Solutio n 

Eart h Satellit e 

Transpor t  Theor y 

Wate r  Vapou r 

W a ve Propagatio n 

Microwav e Emissio n 

B Y - P 

0. 3 

0. 0 

0. 0 

0. 0 

0. 1 

0. 0 

0. 3 

0. 0 

0. 1 

0. 7 

F O R - P 

0. 0 

0. 4 

0. 8 

0. 1 

0. 4 

0. 0 

0. 1 

0. 0 

0. 0 

0. 1 

F R O M -P 

0. 0 

0. 0 

0. 1 

0. 3 

0. 0 

0. 9 

0. 0 

0. 6 

0. 2 

0. 0 

IN- P 

0. 3 

0. 1 

0. 0 

1. 0 

0. 1 

0. 9 

0. 0 

1. 0 

0. 7 

0. 0 

O FP 

0. 9 

1. 0 

1. 0 

0. 5 

0. 4 

0. 0 

0. 9 

0. 4 

0. 7 

1. 0 

ON-P 

0. 0 

0. 0 

0. 0 

0. 0 

0. 1 

0. 0 

0. 6 

0. 0 

0. 1 

0. 0 

W I T H P 

0. 0 

0. 1 

0. 0 

0. 0 

0. 0 

0. 7 

0. 1 

0. 6 

0. 0 

0. 0 

Figur e 5 :  Example s fo r  th e Interpretatio n o f  Compoun d Noun s (se e tex t  fo r  explanation ) 

I n th e firs t  tw o example s i n figure  5  a  singl e basi c semanti c relationshi p exist s betwee n th e tw o word s 

i n th e compoun d noun :  "hea t  exchange "  i s interprete d a s "exchang e O F P heat",  an d "transisto r 

life "  a s "lif e O F - P transistor "  (onl y thes e basi c semanti c relationship s hav e a  plausibilit y  valu e 

greate r  o r  equa l  0.5) . 

•"Again ,  a s i n figure  4 ,  th e plausibilit y  value s show n ar e th e average s ove r  th e thre e differen t  run s fo r  eac h basi c 
semanti c relationships . 
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Althtmg h onl y on e basi c semanti c relationshi p exist s i n th e first  tw o examples ,  mos t  tes t  example s 

hav e mor e tha n on e existin g basi c semanti c relationship .  Fo r  instance ,  "writin g method "  ha s th e 

existin g relationship s "metho d F O R - P writing "  an d "metho d OF- P writing" .  Th e othe r  basi c 

semanti c relationship s fo r  "writin g method" ,  lik e "metho d BY- P writing "  an d "metho d F R O M - P 

writing" ,  d o no t  exist .  Anothe r  exampl e o f  multipl e basi c semanti c relationship s i s "win g motion " 

(a s i n airplanes )  whic h i s interprete d a s "motio n OF- P wing "  an d "motio n IN- P wing" .  Thi s 

exampl e illustrate s ambiguou s interpretation s an d contex t  i s  neede d t o determin e i f  th e win g i s th e 

objec t  whic h i s movin g (motio n OF- P wing )  o r  th e locatio n o f  a  motio n (motio n IN- P wing) . 

The plausibilty values in Figure 5 indicate unsure interpretations as well. For instance, the plausi-

bilit y  value s o f  th e compoun d nou n "wavefor m solution "  ar e lowe r  tha n 0. 5 fo r  a U basi c semanti c 

relationships .  Th e networ k ca n no t  find a  basi c semanti c relationshi p becaus e simila r  relationship s 

had no t  bee n i n th e trainin g set .  Th e result s sho w example s wit h som e incorrec t  basi c seman -

ti c relationship s a s well .  Fo r  instanc e "wate r  vapour "  i s interprete d wit h 3  existin g relationships : 

"vapou r  F R O M - P water" ,  "vapou r  W I T H - P water" ,  an d "vapou r  IN- P water "  Whil e th e first  tw o 

relationship s F R O M - P an d W I T H - P ar e plausible ,  th e thir d i s no t  plausible . 

Although our corpus is still fairly small our test results demonstrate the extent to which the learned 

basi c semanti c relationship s generaliz e fo r  ne w compoun d nouns .  Th e basi c semanti c relationship s 

i n ou r  networ k generaliz e wel l  fo r  compoun d noun s whos e first  an d secon d nou n ar e characterize d 

wit h subset s o f  th e followin g semanti c features :  Nounl :  E N E R GY P R O P E R TY O R G A N I Z A T I O N-

F O RM an d Noun2 :  C H A N G I N G - E V E NT P R O P E R TY M E C H A N I S M.  Example s fo r  thi s clas s o f 

compoun d noun s ar e "hea t  exchange "  an d "wav e propagation" .  Anothe r  clas s o f  compoun d noun s 

wit h goo d generalization s ar e subset s o f  th e followin g features :  Nounl :  E L E C T R I C - O B J E C T 

P H Y S I C A L - O B J E CT an d Noun2 :  T I M E P R O P E R T Y ",  lik e i n "transisto r  life " 

Besides these classes of compound nouns with good generalizations, compound nouns with subsets of 

th e foUowin g feature s d o no t  generaliz e well :  Nounl :  P H Y S I C A L - O B J E C T S P A T I A L - L O C A T I O N 

M A T E R I AL an d Noun2 :  P H Y S I C A L - O B J E C T G A S M A T E R I A L .  Example s wit h subset s o f  thes e 

featur e combination s ar e "eart h satellite "  an d "wate r  vapour "  Th e reaso n fo r  th e decreas e i n th e 

generalizatio n performanc e fo r  thi s las t  clas s i s th e restricte d us e o f  onl y 1 6 semanti c features .  T o 

generaliz e relationship s betwee n tw o physica l  object s mor e feature s ar e needed .  Fo r  instance ,  a 

networ k wit h a  SIZ E featur e coul d generaliz e th e W I T H - P relationship s betwee n physica l  object s 

so tha t  "eart h satellite "  coul d no t  b e interprete d a s "satellit e W I T H - P earth "  sinc e th e eart h ha s 

a bigge r  siz e tha n a  satellite .  Th e identificatio n o f  thes e incorrectl y generalize d basi c relation -

ship s i s importan t  fo r  decidin g whic h semanti c feature s an d basi c semanti c relationship s migh t  b e 

modified .  W e mak e n o clai m fo r  a  "right "  classificatio n o f  semanti c feature s an d basi c semanti c 

relationship s fo r  ou r  domai n bu t  w e clai m tha t  th e adaptiv e proces s o f  identifyin g bette r  suitabl e 

semanti c feature s an d semanti c relationship s i s supporte d b y th e learnin g abiht y an d th e modula r 

architecture . 
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Related work 

Comparing the performance of our system with existing systems for compound noun analysis is 

somewhat  difficult ,  becaus e th e techniques ,  th e leve l  o f  th e semanti c relationships ,  an d th e do -

main s ar e fundamentall y different .  McDonal d report s abou t  5 4 % t o 6 4 % correc t  interpretation s fo r 

hi s compoun d nou n syste m (McDonal d 82 )  usin g detaile d semanti c relationship s an d fixed  contro l 

strategies .  Th e performanc e o f  Finin' s syste m i s simila r  t o McDonald' s system .  Ou r  syste m de -

termine s plausibl e basi c semanti c relationship s fo r  unknow n compoun d nouns .  Althoug h ou r  basi c 

semanti c relationship s ar e no t  a s detaile d a s McDonald' s o r  Finin's ,  ou r  basi c semanti c relationship s 

ar e automaticall y acquired .  A s fa r  a s w e kno w ther e i s currentl y n o syste m whic h ha s th e abilit y 

t o lear n th e semanti c relationship s betwee n compoim d nouns . 

Our system has the advantage of learning knowledge for the semantic relationships, while this 

knowledg e i s difficul t  t o acquir e i n othe r  compoun d nou n system s (e.g .  (Fini n 80 )  (McDonal d 82 ) 

(Aren s 87 )  (Ga y 88)) .  Th e knowledg e abou t  semanti c relationship s i s represente d tmiforml y i n 

modula r  networks .  O n th e othe r  hand ,  thes e system s allo w compoun d noun s wit h mor e tha n tw o 

word s whil e w e nee d additiona l  mechanism s t o understan d longe r  compoun d nouns .  Currently ,  w e 

ar e investigatin g th e us e o f  recursiv e autoassociativ e networ k architecture s ((PoUac k 88) ,  (S t  Joh n 

88) )  an d relaxatio n network s (Wermte r  89 )  t o understan d compoun d noun s o f  arbitrar y length . 

Conclusions 

One way to approach compound noun analysis is the use of extensive knowledge engineering, as 

demonstrate d i n severa l  computationa l  models .  Becaus e o f  th e difficultie s o f  identifyin g th e seman -

ti c relationship s an d contro l  structures ,  w e presente d a  ne w approac h fo r  understandin g compoun d 

nouns .  Usin g a  modula r  cormectionis t  architectur e w e showe d tha t  basi c semanti c relationship s 

withi n compoun d noun s ca n b e learned .  Th e genera l  concept s o f  basi c semauiti c  relationships , 

learning ,  an d modula r  networ k architecture s demonstrat e ho w unifor m memor y model s ca n b e 

buil t  fo r  natura l  languag e understanding . 
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