Radford, A. (1988) ansformational Gr ammar. 2nd Edition, Cam bridge: Cam bridge Univ ersit Press. Sok al, R. R. Sneath, H. A. (1963) Principles of Numeric al axonomy. San rancisco: W.H. reeman. Sv artvik, J. Quirk, R. (1980) Corpus of English Conversation. Lund: Lib erLaromedel Lund. 13 tions of sequences of ords. This migh seem to infeasible since the frequency of an giv en sequence will lo w, ev en in ery large corp ora. This di�cult can circum en ted using the results of analysis at the ord lev el to tag the corpus in to relativ ely small um er of cat- egories, and to consider sequences of these categories. The exp ectation is that cluster analysis of suc sequences ma rev eal higher lev el linguistic categories suc as noun-phrase, sen tence and so on. This pro cess can itself erformed iterativ ely where sequences of only 1, or items need at �rst considered, since, in con en tional linguistics at least, phrasal constituen ts ypically decomp ose in to or at most sub-constituen ts. Preliminary results are encouraging, although it is not et clear to what exten it will ossible to build up something appro ximating to phrase structure grammar for the data set. Apart from the use of N-gram statistics, the metho ds used here are not sp eci�c to sequen tial data. erhaps it will ossible to �nd statistics of other domains whic can exploited in similar manner to unco er underlying sym olic structure. It seems lik ely that the est to pursue suc an approac will to emplo ybrid approac h: use neural net ork to �nd statistical regularities in the data, and then deriv sym olic structured represen tation from the net ork’s output. References Cleeremans, A., Serv an-Sc hrieb er, D. McClelland, J. L. (1989) Finite State Automata and Simple Recurren Net orks. Neur al Computation 1, 372-381. Chomsky N. (1957) Syntactic Structur es. The Hague: Mouton. Do wt D. R., all, R. E. eters, S. (1981) Intr duction to Montague Semantics. Dordrec t: Reidel. Elman, J. L. (1989) Structured Represen tations and Connectionist Mo dels. Pr dings of the Co gnitive Scienc So ciety of meric 17-23. Elman, J. L. (1990) Finding Structure in Time. Co gnitive Scienc 14, 179-211. Gold, E. M. (1967) Language Iden ti�cation in the Limit. Information and Contr ol 16, 447-474. Hertz, J. A., Krogh, A. almer, R. G. (1991) Intr duction to the The ory of Neur al Computation. Redw Cit Calif: Addison-W esley Hettmansp erger, T. (1984) Statistic al Infer enc Base on anks. New ork: Wiley Katz, J. J. dor, J. A. (1963) Structure of Seman tic Theory anguage 39, 170-210. Lac ter, J. Bev er, T. G. (1988) The Relation et een Linguistic Structure and Asso ciativ Theories of Language Learning: Constructiv Critique of some Connectionist Learning Mo dels. Co gnition 28, 73-193. Lehmann, E. L. (1975) Nonp ar ametrics: Statistic al Metho ds Base on anks. San rancisco: Holden-Da Osherson, D., Stob, M. einstein, S. (1986) Systems That arn: Intr duction to arning The ory for Co gnitive and Computer Scientists. Cam bridge, Mass: MIT Press. Pink er, S. (1984) anguage arnability and anguage Development. Cam bridge, Mass: Harv ard Univ ersit Press. Pink er, S. Prince, A. (1988) On Language and Connectionism: Analysis of arallel Distributed Pro cessing Mo del of Language Acquisition, Co gnition 28, 195-247. 12 lots certain arious most man no eac those these suc ev ery another sev eral some an an its our their our his the certain this sev eral most man those these another his its their eac some an no an ev ery suc our our the Figure Figure sho ws comparison et een the cluster of determiners after and 10 iterations through the net ork. The net ork can therefore though of as transforming the structure of the data (in this case, \ attening" the structure so that similar items are made uc more similar). These �gures are pro duced cluster analysis of the output of the net ork after single iteration. If the net ork is allo ed further iterations, it tends to group linguistically similar items more closely together. This is sho wn in Figure 7, whic sho ws the clustering of determiners after iteration and after 10 iterations. uture directions There um er of ys in whic this ork can naturally extended. An ob vious extension is to see to what exten suc metho ds can applied to corp ora of data from languages other than English. particularly in teresting question is to what exten ord order data can rev eal syn tactic and seman tic features ev en in language suc Finnish and Latin where lexical (morphological) structure pla ys more imp ortan role than ord order in determining syn tactic structure. urther, rather than eing limitted to the particular bigram statistics that used, migh consider man other statistics, and see whic can exploited to pro duce in teresting clusters. Also informational measures er classes of statistics can exploited to iden tify \optimal" statistics. More generally instead of considering the distributions of ords, migh consider the distribu- 11 hand part of the �gure sho ws the subtree of plural nouns from within the noun no de in Figure 5. The left hand part of Figure sho ws the structure within the prep osition no de of Figure 5. The righ Figure except outside inside ehind together along bac around o� do wn up out near among via across during without up on within under et een ab out er against through in to from with for at on in of to liv es tro ops forces lists otes hanges calls rep orts actions eap ons la ws opinions commen ts ostings articles questions problems parts alues oin ts righ ts results rules ords names haracters pro ducts lines groups mac hines systems programs �les coun tries states ones things friends authors mem ers readers users pla ers studen ts hildren americans others men omen eople 10 4.3 Clustering results The tree structure for the en tire set of ords analysed, the 1000 most common ords in the corpus, is uc to large to displa in single diagram. therefore an erview of the structure of the tree, with lab els no de corresp onding to the predominan syn tactic category of the items dominated that no de. small um er of items ha no ell de�ned syn tactic category (for examples, single letters of the alphab et, ords connected with newsgroup administration suc as \edu" and \com") and these ere rejected from the analysis. Of the remainder, less than 5% are misclassi�ed with resp ect to the lab el that ha giv en to their dominating no de. Figure therefore sho ws the gross taxonom of the lexical items for the newsgroup corpus. Th us, this taxonom is ery close to standard linguistic conception of the di�eren sp ecies of syn tactic category and ho closely they are related. erbs Determiners Pronouns: Ob ject Prop er Nouns: Names Prop er Nouns: Coun tries Quan ti�ers Adjectiv es Num ers Prop er Nouns: Places Noun Am biguous Noun/V erb Nouns Adjectiv es Nouns Prep ositions Conjunctions WH ords Adv erb: emp oral Pronouns: Sub ject erb: ers. Sing. Auxilliaries Adv erbs erbs: -en form erbs: -ing form Adjectiv es Adv erbs Adjectiv es Figure lab els use here. prop ortion (< 5%) of the data has either een ommited, or do es not accord with the in teresting linguistic structure can elucidated from suc structure. small This is summarised diagram of the clustered structure of 1000 ords sho wing ho Figure sho ws the structure of subtrees within the whole tree. The left hand tree sho ws the clustering within the category of prep ositions. It is in teresting to note that ords whic are seman tically closely related app ear ery close together in the tree (e.g., up/do wn, inside/outside) although this is not so in all cases. The righ hand tree sho ws sub cluster of nouns, the plural nouns. General seman tic regularities are apparen plurals whic denote eople or computer terms are group ed together. Also, pairs of items whic are seman tically related again tend to app ear ery close in the tree (e.g., omen/men, articles/p ostings/commen ts, states/coun tries). uu uh ou ei ai @@ ii au oi aa zh ll ng jh th dh sh Figure 4.2 Syn tactic categories in natural language to ok 33,000,000 ord corpus of Usenet newsgroup data, stripp ed of headers, fo oters and the lik e. Ev en efore cluster analysis, list of the ten nearest neigh ours of sample ords sho ws that the metric rev eals at least some linguistic structure. three: three, four, �v e, six, sev eral, real, blac k, old, high, lo cal, white. I: I, e, they he, she, ou, I’v e, do esn’t, don’t, I’m, didn’t. south: south, east, est, north, ar, public, go ernmen t, tv, system, dead, sc ho ol. These lists app ear to sho e�ects of oth syn tactic and seman tic similarit The �rst rev eals high correlation et een \n um er" ords. Num ers higher than six are not frequen enough to considered in the data set, and \one" has rather di�eren distribution, since it has more than one grammatical function, (a matter whic shall consider further in the conclusions). That \three" do es not correlate ell with \t o" is more surprising. The second list sho ws the distributional similarit of pronouns, and the third sho ws that ery �ne-grained seman tic information (i.e., eing compass direction) can detected. Punctuation els Consonan ts also erformed similar analysis on small corpus of phonemically transcrib ed sp eec h, col- lected from ariet of sp eak ers, tak en from the Lund corpus (Sv artvik Quirk) the output of whic is sho wn in Figure 4. The corpus is su�cien tly small that some phonemes are only rep- resen ted few ccurences. Nonetheless, again broad distinctions emerge et een els and consonan ts. Although one phoneme is spuriously classi�ed as el, it only ccured eigh times in the en tire corpus of 15,000 phonemes. is found to est empirically (that is, whic rev ealed categories most in accordance with linguistic theory) is standard non-parametric measure, the Sp earman Rank Correlation Co e�cien t. rom the statistical literature, kno that on data whic is kno wn not to ell mo delled ultiv ariate normal distribution, tests based on rank often more erfully distinguish et een statistical yp otheses (Hettmansp erger 1986), and this is evidence that correlation measures based on rank ma etter at unco ering underlying structure than other measures. This correlation is calculated no des in la er of the net ork (see Figure 2) calculating not function of the dendritic sum, as in most net orks (see for example Hertz, Krogh almer 1991), but instead �nding the correlation et een alues of units in la er and the eigh ector it has learned. In op eration, unit in la er of the net ork (whic corresp onds to particluar lexical item) is activ ated and excites units in la er according to the probabilit distribution of alues of the follo wing/preceeding/next-but-one/last-but-one ords. This la er in turn reactiv ates la er 1, since connections are recipro cal. The activit of unit in la er is therefore measure of the correlation of its distribution with that of the initially activ ated ord. Th us, after one iteration, the net ork has deriv ed measure of distributional similarit for particular ord, whic can then used the sym olic cluster analysis comp onen t. Alternativ ely activ ation can allo ed to iterate bac and forth through the net ork sev eral times, with the e�ect of bringing similar items more closely together. shall return to the utilit of using sev eral iterations elo w. 3.2 Sym olic cluster analysis standard of presen ting �nite um er of data oin ts in high dimensional ector space is in the form of tree or dendr gr am (Sok al Sneath 1963). This is sometimes kno wn as hierarc hical cluster analysis. The tree is generated so that it represen ts similar items, according to the hosen metric, as nearb lea es in the tree, in the sense that they the lea es share nearb common branc h. The distance along the horizon tal axes of the dendrograms that shall presen giv quan titativ measure of similarit The results of cluster analysis are sensitiv to the metric of similarit used. shall see elo that the correlational metric used single iteration of the net ork giv es less tigh tly clustered tree than if the net ork has een allo ed to iterate sev eral times. This indicates that the iteration of the net ork is pla ying useful computational role. Computational exp erimen ts Rather than giv detailed accoun of the computational exp erimen ts that ha erformed, giv brief summary of some of principle results obtained so far. 4.1 Analysing letter and phoneme data As �rst exp erimen t, analysed distribution of letters rather than ords, using 1,300,000 letter corpus tak en from Usenet newsgroups. Figure sho ws the dendrogram obtained. The �rst (and hence most fundamen tal) division in the tree is et een consonan ts and others. On the \others" side of this division, the next principal division is et een punctuation marks (\." and \,") and els (\a", \e", \i", \o", \u", \y"). So, for example, in the sen tence \T or not to e", the bigram statistics for the relation \immediate successor" are: [to e]:2, [b or]:1, [or not]:1, [not to]:1 and for all other ossibilities. In the analysis elo shall also measure the frequencies of pairs of ords whic ha single in terv ening ord. Notice that these bigram statistics ignore all structure in the data set whic is not determined dep endencies et een adjacen pairs of ords, or pairs of ords separated only one ord. or natural language, in whic dep endencies ma exist et een ords whic are sensitiv to arbitrarily uc in terv ening con text (Chomsky 1957), this structure will ery imp ortan for complete analysis. Bigram statistics can collected neural net ork in whic units in one la er represen the \curren t" ord, and units in the other la er represen the alues of the previous, next, last but one, and next but one ords. This means that the con tingency table can in terpreted as eigh matrix, whic is up dated �xed amoun whenev er oth the units to whic it is connected are on (see Figure 2). That is, the net ork uses Hebbian learning rule. Figure correlation-based recall rules had alue j. This motiv ates ha ving alue i, while the second alues of statistics. Con tingency table of the ij statistic had alue alue while when statistic had um er of times This cell coun ts the The bidirectional asso ciativ of some neural net ork. is in terpreted as eigh matrix for unco ering statistical times the �rst statistic as seen of cell (i,j) eing the um er of the statistics, the in terpretation noting the con tingency table of Learning then ecomes simply as the alues of statistic. the no des are to in terpreted here di�ers from standard memory net ork presen ted net orks in that in learning, structure when this table La er La er unit unit with the alues of the La er no des. of the eigh ts rank-correlation La er are the the no des on The alues of sum of the alues of The alues on no des in la er are some function of the dendritic la er no des. The measure of similarit of distribution that the net ork calculates can in terpreted as statistical measure of correlation et een the bigram statistics of eac ord. The measure whic ybrid system Rather than using standard net ork mo del and using statistical tec hniques to analyse its e- ha viour, tak our motiv ation from standard statistical approac hes to sequen tial material. deriv statistical metho for �nding linguistic categories and sho ho an imp ortan comp onen of this metho can realised in neural net ork hardw are. 3.1 Statistical motiv ation One standard test in theoretical linguistics for ords and phrases ha ving the same syn tactic category is that they are similarly distributed. That is, if it is ossible to replace one phrase with particular string of ords in an syn tactic en vironmen t, then this string has the same syn tactic category as the phrase. (see, e.g., Radford 1988). Distribution is usually though of with reference to linguistic ossibilility rather than ab out distributions observ ed in actual data. By constrast, our approac in terprets distribution in terms of statistics of actual corp ora. Our approac th us departs from the standard notion of distribution in ys. Firstly theo- retical linguists ha not een concerned with actual frequency of ccurrence of ords or phrases in particular con texts, but rather with whic sequences of ords are judged to grammatical. By con trast, fo cus precisely on the statistics of observ ed errorful linguistic data. are in ter- ested in ho this un tidy erformance data can used to cast ligh on the underlying linguistic comp etence that giv es rise to it. Secondly theoretical linguistics has usually een concerned to dis- tinguish syn tactic reasons wh string is not ossible from seman tic/pragmatic reasons (Chomsky 1957) due to the assumption of the autonom of syn tax. or instance, if \mat" and \idea" are assigned the same syn tactic category then if \the cat sat on the mat" is syn tactically acceptable, then \the cat sat on the idea" ust also syn tactically acceptable. This sen tence is ho ev er anomalous and linguists ould standardly rule it out for seman tic reasons, suc as selection restric- tions (Katz dor 1963) or meaning ostulates (Do wt all eters 1981). Our metho do es not distinguish et een syn tactic and seman tic/pragmatic factors in determining our measure of similarit of distribution. Nonetheless, as shall sho elo w, syn tactic factors are su�cien tly predominan to allo the reco ery of syn tactic categories. Thirdly where theoretical linguists are ypically concerned with the distributional haracteristics of phr ases whic ma consist of man ords, our analysis, at least in the �rst instance, orks at ord lev el, and mak es no assumptions ab out the phrasal structure of the language. An easily computed, ell-understo and theoretically neutral statistic of natural language is giv en what are kno wn as \N-gram" statistics. Roughly sp eaking, shall treat ords as ha ving similar linguistic distributions if their \N-gram" statistics are su�cien tly ell correlated. The \N-gram" statistics can collected, the correlations can calculated simple neural net ork, and cluster analysis applied to its output. 3.1.1 N-gram statistics An N-gram is an ordered sequence of sym ols (w ords, letters or whatev er). The frequencies of ccurrence of eac N-gram in con tin uous stream of data constitutes the N-gram statistics of the data set. The 1-gram statistics of data set are therefore simply the frequency of eac sym ol in the data set. If the data set is natural language, 1-gram statistics amoun simply to table of ord frequencies. The 2-gram or \bigram" statistics of data set are the observ ed frequencies with whic eac pair of ords app ear consecutiv ely or with �xed um er of in terv ening ords. In this pap er, shall in terested in bigram statistics where the ords are adjacen or separated single ord. The notion of bigram is considerably more general than this, and the relationship et een pairs of ords can determined in wide ariet of ys. the problem of learning linguistic categories from ra data, and discuss previous approac to the same problem, due to Elman (1990). In section 3. outline the ybrid metho that used and sk etc ho they can implemen ted in neural net ork arc hitecture. In section 4. presen the results of some computational exp erimen ts with ariet of linguistic data. In the conclusions, suggest that this ybrid strategy migh extended to other areas where structured represen tations migh learned from statistics computed neural net ork. The problem and previous approac Mo dels of language learning ha ypically een concerned to learn rules of syn tax, giv en syn tactic categories, and ha not een directed at the problem of �nding the syn tactic categories of natural language from ra ord lev el data. fo cus on this imp ortan and complimen tary asp ect of language learning, whic is prerequisite of learning the syn tax of the language and assume that the system has no prior kno wledge of the nature or um er of syn tactic categories. Within the neural net ork tradition, the most in uen tial approac to the computational problem of learning linguistic categories is due to Elman (1990) who used recurren neural net ork and cluster analysis to rev eal syn tactic and seman tically based clusters of \lexical" items. Elman generated con tin uous stream of input using grammar of and three ord sen tences with cabulary of items, and ery small um er of rules, whic enco ded certain seman tic dep endencies. recurren net ork as trained to predict the next elemen in this con tin uous sequence. Although it as imp ossible to erform this prediction erfectly as the sequence is non-deterministic, the net ork nonetheless as able to exploit some of the predictabilit in the sequence, and dev elop ed in teresting hidden unit represen tations in doing so. Elman analysed these represen tations calculating the mean state of the hidden units when eac particular item of cabulary as presen ted as the curren input, and hierarc hically cluster-analysing the resulting ectors of alues. This cluster analysis group ed together syn tactically and seman tically similar ords, whic as tak en to sho that the net ork implicitly enco des the categories underlying this simple language. urther studies ha also used the same tec hnique applied to material with somewhat more complex syn tax (Elman 1989) and using �nite state grammars (Cleeremans, Serv an-Sc hreib er McClelland 1989). The fact that the hidden unit represen tation implicitly enco des the syn tactic/seman tic structure is not, ho ev er, necessarily evidence that the recurren net ork has learn to extract this structure. Exp erimen ts rep orted elo sho that ra unlab elled input data also implicitly enco des suc information. Using this observ ation, dev elop ed more direct approac to �nding linguistic categories, whic elucidates the nature of the pro cessing used, and leads to system whic can applied to real corp ora in man linguistic domains. Rather than cluster analyse complex and little understo measure, suc as the mean alue of the hidden units of recurren net ork, it ma more pro�table to use etter understo statistical metho ds lik cluster analysis on the input data itself. One of the simplest partial descriptions of the structure of an sequence of sym ols are its bigram statistics. used cluster analysis on bigram statistics of large of corpus of informal written material to attempt to deriv arious linguistic categories, including syn tactic categories for English. This approac can realised in ybrid system using net ork to decide ho similarly distributed items are and applying standard clustering tec hnique to the output of the net ork. While Elman sees cluster analysis simply as means of analysing net ork eha viour, see it as an in tegral part of our mo del, since our goal is to deriv an explicit sym olic taxonom of ords whic captures linguistic regularities in real data sets. Cluster analysis pla ys the role of the in terface et een ector space represen tation in the net ork and structured sym olic represen tation of the data. prep ositions, determiners, and et een singular and plural nouns. In fact, this statistical metho is also able to rev eal apparen tly seman tic prop erties of ords, grouping um ers, compass direction and animate ob jects together. It is imp ortan to recall that the mo del deriv es these categories without an prior kno wledge of the syn tax of or the syn tactic categories of the data concerned. The neural net ork exploits the statistical redundancy implicit in its training data to pro vide measure of distributional similarit The measuremen ts the net ork mak es are used to create according to similarit measure based on the similarit of their distribution sym olically represen ted taxonom of ords Bigram Statistics. Generation. Adv erb: temp oral: Noun: profession: Determiner: erb: exp erien tial: Auxillary: Prop er Noun: Name: the, our, their, our ords. istically similar Clusters of stat- "fo otprin ts" in simple, empirically observ able statistics of its output. for language aquisition. Ho ev er, this complicated causal story will lea its The complexit of this causal story ould seem to ha strong nativist consequences sen tence expressing prop osition. and complicated relational men tal lexicon, allo ws an agen to utter grammatical complicated causal story ossibly in olving sophisticated kno wledge of language, will to da professor the see John Det NP AD VP VP VP NP yp of ord. Examples. Men tal Lexicon. John, Stev e, Gary will, ould, ma migh see, hear, ask professor, studen t, author to da no w, so on no to da so on once later et da vid george john stev gary professor to da the professor see the will see John will (actual data) John will see the professor to da Output fr om the ab ove pr ess: manager administrator studen professor emplo ee author attorney presiden secretary Net ork Sym olic Analysis Figure sho ws our conception of ho this ork on learning relates to con en tional mo dels of language pro duction. Where the left hand side of �gure denotes the gener ation of language using con en tional rules and represen tations, the righ hand side denotes the analysis of that language net ork metho ds com bined with metho of con erting the alue of certain statistics in to structured represen tation. The generated sen tence re ects the underlying structure of the rules and represen tations that ga rise to it only ery indirectly One reason that statistical or net ork metho ds are app ealing in this con text is that the erformance data is so un tidy that non-statistical rule based approac is liable to reject correct yp otheses concerning asp ects of language structure in the face of apparen tly con tradictory data, whic is actually simply the caused erformance errors. The simple bigram statistics that use (detailed elo w) are denoted in the ottom righ hand corner of the �gure. Notice that all information ab out the erall order of the string of ords has no een irretriev ably lost; all that is kno wn is ho often eac pair of ords ere observ ed to in certain relationship (in this case \next ord"). These observ ations are bigram statistic of the language, and asp ects of the structure of the lexicon (in this case, syn tactic category) is reco ered �rst computing correlational measure using neural net ork, and then transforming the result in to tree structure, whic pro vides structured taxonom of the lexicon. The structure of the pap er is as follo ws: in the next section discuss the general nature of Hybrid Approac to the Automatic Learning of Linguistic Categories Stev en Finc Nic Chater Octob er 27, 1991 Abstract Sym olic and neural net ork arc hitectures di�er with resp ect to the represen tations they naturally handle. ypically sym olic systems use trees, Gs, lists and so on, whereas net- orks ypically use high dimensional ector spaces. Net ork learning metho ds ma therefore app ear to inappropriate in domains, suc as natural language, whic are naturally mo d- elled using sym olic metho ds. One reaction is to argue that net ork metho ds are able to implicitly capture this sym olic structure, th us ob viating the need for explicit sym olic rep- resen tation. Ho ev er, argue that the explicit represen tation of sym olic structure is an imp ortan goal, and can learned using ybrid approac h, in whic statistical structure extracted net ork is transformed in to sym olic represen tation. apply this approac at sev eral lev els of linguistic structure, using as input unlab elled orthographic, phonological and ord-lev el strings. In tro duction Since the Chomskian rev olution it has een recognised that the structure of uman language is enormously complex. This realisation, while stim ulating for the dev elopmen of formal sym olic mo dels of syn tax, has een tak en to ha strong nativist consequences for mo dels of language acquisition (Gold 1967; Pink er 1984; Osherson, Stob einstein 1986). Ov ergeneralising some- what, exp erience has pro ed that mo delling language successfully requires the use of complex, structured sym olic represen tations suc as trees, Gs or lists; and that curren non-nativist approac hes to learning are sensitiv only to statistical regularities. or example, the statistical metho ds of learning used neural net orks are widely considered to founder on the problem of learning structured material (Lac ter Bev er 1988; Pink er Prince 1988). It migh therefore concluded that simple statistical metho ds whic ma unable to capture the full ric hness of the sym olic structure of natural language can ha nothing in teresting to sa ab out ho that structure is learned. The goal of this pap er is to pro vide an illustrativ example of ho ery simple statistics, whic can easily computed net ork arc hitecture, can pla ey role in learning structural prop erties of natural language. or example, presen ybrid mo del whic uses neural net ork to manipulate certain statistics whic are then translated in to sym olic form. This metho is based on collecting and clustering bigram statistics using rank correlational metric. In principle, then, it is sensitiv only to ery lo cal dep endencies. Nonetheless this ery imp erished informational measure is, in practice, su�cien to disco er the di�erence et een erbs, adv erbs, adjectiv es, Univ ersit of Edin burgh, Cen tre for Cognitiv Science. Univ ersit of Edin burgh, Departmen of Psyc hology