[54] H. A. Simon. Scienc es of the rti�cial M.I.T. Press, Cam bridge MA, 1969. [55] A. Sloman. Bey ond turing equiv alence. In Pr dings uring 1990 Col lo quium 1990. [56] Smolensky On the prop er treatmen of connectionism. The Behavior al and Br ain Scienc es 11:1{74, 1988. [57] M. V. Sriniv asan, S. B. Laughlin, and A. Dubs. Predictiv co ding: fresh view of inhibi tion in the retina. Pr c. R. So c. ond. 216:427{ 459 1982. [58] I. Stew art. Do es Go Play Dic e? enguin, London, 1989. [59] S. Ullman. The in terpretation of structure from motion. Pr c. R. So c. ond. 203:405{426 1979. [60] T. Winograd and F. Flores. Understanding Computers and Co gn ition: New oundation for Design Addison-W esley Publishi ng Co. Inc., 1986. [61] H. Winston. rti�cial Intel ligenc Addison-W esley Publishi ng Co. Inc., second edition, 1984. [62] D. oung. Nerve Cel ls and nimal Behaviour Cam bridge Univ ersit Press, Cam bridge, 1989. 25 [35] G. Lak o�. Women, Fir e, and danger ous things: What ate gories eve al ab out the mind Univ ersit of Chicago Press, 1987. [36] G. Lak o�. Smolensky seman tics, and the sensorimotor system. The Behavior al and Br ain Scienc es 11(1):39{ 40, 1988. [37] S. B. Laughlin. orm and function in retinal pro cessing. ends in Neur oscienc 10(11):478 {483 1987. [38] S. R. Lehky and T. J. Sejno wski. Simplifyin net o rk mo dels of bino cular riv alry and shap e-from-shading. In Metho ds in Neur onal Mo deling: fr om Synapses to Networks pages 361{396. M.I.T. Press Bradford Bo oks, Cam bridge MA, 1989. [39] R. J. MacGregor. Neur al and Br ain Mo deling Academic Press, 1987. [40] D. Marr. Arti�cial in telligence: ersonal view. rti�cial Intel ligenc 9:37{48, 1977. [41] H. R. Maturana, J. Y. Lettvin, W. S. McCullo h, and W. H. Pitts. Anatom and ph ysiology of vision in the frog. Journal of Gener al Physiolo gy 43:129{175 1960. [42] J. L. McClelland and D. E. Rumelhart, editors. Par al lel Distribute Pr essi ng. olume 2: Psycholo gic al and biolo gic al mo dels M.I.T. Press Bradford Bo oks, Cam bridge MA, 1988. [43] D. K. Pic kles. ersonal comm unication, 1989. [44] D. K. Pic kles. ersonal comm unication, 1990. [45] S. Pink er and A. Prince. On language and connectionism: Analysis of parallel distributed pro cessing mo del of language acquisition. Co gnition 28:73{19 3, 1988. [46] R. Prak ash, E. Solessio, and R. B. Barlo w, Jr. arallel computer mo del of the Limulus lateral ey e. nn. M. So c. Neur osci. bstr. 15:1206, 1989. [47] R. S. Pressman. Softwar Engine erin g: Pr actitioners Appr ach McGra w-Hill In terna- tional, 1982. [48] F. Ratli�. Studies on Excitation and Inhibition in the etina Ro erfeller Univ ersit Press, New ork, 1974. [49] D. E. Rumelhart, G. E. Hin ton, and R. J. Williams. Learning in ternal represen tations error propagation. In D. E. Rumelhart and J. L. McClelland, editors, Par al lel Distribute Pr es sin g, olume 1: oundations pages 318{362. M.I.T. Press Bradford Bo oks, Cam- bridge MA, 1986. [50] D. E. Rumelhart and J. L. McClelland, editors. Par al lel Distribute Pr ess ing, olume 1: oundations M.I.T. Press Bradford Bo oks, Cam bridge MA, 1986. [51] T. Scutt. ersonal comm unication, 1990. [52] T. J. Sejno wski, C. Ko h, and S. Ch urc hland. Computational neuroscience. Scienc 241:1299{13 06, Septem er 1988. [53] T. J. Sejno wski and T. oggio. Series forw a rd. In C. Ko and I. Segev, editors, Meth- ds in Neur onal Mo deling: om Synapses to Networks M.I.T. Press Bradford Bo oks, Cam bridge MA, 1989. 24 [16] D. T. Cli�. Net or con trol for animate vision with non uniform sampling. CSRP 163, Univ ersit of Sussex Sc ho ol of Cognitiv and Computing Sciences, 1990. orthcoming. [17] F. Cric k. The recen excitemen ab out neural net orks Natur 337:129{1 32, Jan uary 1989. [18] D. Dennett. Cognitiv wheels: The frame problem of AI. In C. Ho okw editor, Minds, Machines, and Evolution Cam bridge Univ ersit Press, Cam bridge, 1984. [19] H. L. Dreyfus. rom micro-w orlds to kno wledge represen tation: AI at an impasse. In J. Haugeland, editor, Mind Design: Philosophy, Psycholo gy, rti�cial Intel ligenc pages 161{204. M.I.T. Press Bradford Bo oks, Cam bridge MA, 1981. [20] J.-P Ew ert. Neur etholo gy: intr duction to the neur ophysiolo gic al fundamentals of ehaviour Springer-V erlag, Berlin, 1980. [21] J.-P Ew ert. Neuro ethology of releasing mec hanisms: Prey-catc hing in toads. The Behav- ior al and Br ain Scienc es 10:337{405, 1987. [22] S. E. ahlman and C. Lebiere. The cascade-correlation learning arc hitecture. CMU{CS{ 90{100, Carnegie Mellon Univ ersit Sc ho ol of Computer Science, ebruary 1990. [23] S. Grossb erg. Neuro ethology and theoretical neurobiology The Behavior al and Br ain Scienc es 7(3):388{ 390, 1984. [24] D. M. Guthrie. Neur etholo gy: Intr duction Blac kw ell, Oxford, 1980. [25] D. M. Guthrie, editor. ims and Metho ds in Neur etholo gy Manc hester Univ ersit Press, Manc hester, 1987. [26] S. Harnad. The sym ol grounding problem. In CNLS Confer en on Emer gent Computa- tion Los Alamos, Ma 1989. Submitted to Ph ysica D. [27] G. E. Hin ton. Connectionist learning pro cedures. ec hnical Rep ort CMU-CS 87{115, Carnegie-Mellon Univ ersit Computer Science Departmen t, Pittsburgh A, 1987. [28] A. L. Ho dgkin and A. F. Huxley quan titativ description of mem brane curren and its application to conduction and excitation in nerv e. J. Physiol. 117:500{ 544, 1952. [29] I. D. Horswill and R. A. Bro oks. Situated vision in dynamic orld: Chasing ob jects. In Pr din gs AAAI|88 1988. [30] G. Ho yle. Neural mec hanisms underlying eha viour of in ertebrates. In M. S. Gazzaniga and C. Blak emore, editors, Handb ok of Psychobiolo gy pages 3{48. Academic Press, New ork, 1975. [31] G. Ho yle. The scop of neuro ethology The Behavior al and Br ain Scienc es 7:367{412 1984. [32] G. Johnson. Machinery of the Mind Microsoft Press empus Bo oks, Redmond, ash- ington, 1986. [33] C. Ko and I. Segev. In tro duction. In C. Ko and I. Segev, editors, Metho ds in Neu- onal Mo delin g: om Synapses to Networks pages 1{8. M.I.T. Press Bradford Bo oks, Cam bridge MA, 1989. [34] C. Ko and I. Segev, editors. Metho ds in Neur onal Mo deling: om Synapses to Networks M.I.T. Press Bradford Bo oks, Cam bridge MA, 1989. 23 Ac kno wle dgem e ts This ork as supp orted the UK Science and Engineering Researc Council, studen tship gran #87306795 My ideas for this pap er grew er um er of Bacc han tic discussions with a ddy oal and Jaqui Strub e. nascen ersion of this pap er as discussed at the Univ ersit of Sussex Pdp Club, and thank all participan ts of that meeting for their in terest. Helpful commen ts on earlier ersions of this pap er ere pro vided Harry Barro w, Inman Harv ey Da vid Hogg, Da vid Pic kles, Aaron Sloman, and Da vid oung. Inman alerted me to Harnad’s o rk. Man thanks to sup ervisors Da vid Hogg and Da vid oung for allo wing me the freedom to ander. Refere nces [1] M. A. Arbib. Lev els of mo delling of mec hanisms of visually guided eha viour. The Behav- ior al and Br ain Scienc es 10:407{465, 1987. [2] M. A. Arbib. Sc hemas and neural net orks for sixth generation computing. Journal of Par al lel and Distribute Computing 6:185{21 6, 1989. [3] R. B. Barlo w, Jr. ersonal comm unication, 1990. [4] R. B. Barlo w, Jr. What the brain tells the ey e. Scienti�c meric an 262(4): 66{7 1, April 1990. [5] H. G. Barro w. ersonal comm unication, 1990. [6] C. C. Bissell Contr ol Engine ering utorial guides in electronic engineering: 15. an Nostrand Reinhold (In ternational) Co. Ltd., London, 1988. [7] M. A. Bo den. Arti�cial in telligence and animal psyc hology CSRP 016, Univ ersit of Sussex Sc ho ol of Cognitiv and Computing Sciences, 1981. [8] R. A. Bro oks. robust la ered con trol system for mobile rob ot. A.I. Memo 864, M.I.T. A.I. Lab, Septem er 1985. [9] R. A. Bro oks. Ac hieving arti�cial in telligence through buildi ng rob ots. A.I. Memo 899, M.I.T. A.I. Lab, Ma 1986. [10] V. Bruce and R. Green. Visual Per eption: physiolo gy, psycholo gy and olo gy La wrence Erlbaum Asso ciates, London, 1985. [11] J. M. Camhi. Neur etholo gy: Nerve Cel ls and the Natur al Behaviour of nimals Sinauer Asso ciates Inc., Sunderland, Mass., 1984. [12] F. Clarac. Di�culties and relev ance of neuro ethological approac to neurobiology The Behavior al and Br ain Scienc es 7(3):383 {38 4, 1984. [13] A. Clark. Arti�cial in telligence and the biological factor. CSRP 049, Univ ersit of Sussex Sc ho ol of Cognitiv and Computing Sciences, 1985. [14] A. Clark. Micr gn ition: philosophy, gnitive scienc e, and ar al l el distribute pr es sin M.I.T. Press Bradford Bo oks, Cam bridge MA, 1989. [15] D. T. Cli�. closed-en vironmen computational net ork mo del of visual pro cessing er- formed an airb orne insect, 1988. Unpublishe D.Phil. Researc Prop osal. Univ ersit of Sussex Sc ho ol of Cognitiv and Computing Sciences. 22 Studying animals lo wlier than ourselv es is not without preceden in other �elds. The most notable example is in genetics, where undreds of thousands of erson-y ears of researc ha een exp ended on the fruit y Dr osophila melano gaster with the uman genome pro ject commencing only ery recen tly As John McCarth (a founder of ai puts it: \It ma that ai is problem that will fall to brillianc so that all lac is one Einstein. [but] think this is one of the di�cult sciences lik genetics, and it’s conceiv able that it could tak just as long to get to the ottom of it." (McCarth quoted Johnson 32 p.13]) The implic ation is clear: should cease to concen trate exclusiv ely on high-lev el cognitiv function and get the basics righ �rst. Suc an argumen as also prop osed Marr 40 ], an adv cate of lo w-lev el studies of uman cognition. Marr defended the fo cus on lo w-lev el in tellectual function noting that the lo er lev els are: often dismissed with con tempt those who purp ort to study \higher, more cen tral" problems of in telligence. Our reply to suc criticism is that lo lev el prob- lems probably do represen the easier kind, but that is precisely the reason for study- ing them �rst. When ha solv ed few more, the questions that arise in studying the deep er ones will clearer to us." 40 While agree with Marr’s view on whic end of the in tellectual sp ectrum it is est to start studying, the di�erence here is that Marr sa nothing wrong with commencing ork at the highest end of the ph ylogenetic scale. My elief is that follo wing dev elopmen path strongly in uenced the ev olutionary history of natural in telligence, i.e. starting to ards the lo end of the ph ylogenetic scale, will most pro�table. Ev en if the study of insects pro vides us with no data sp eci�c to higher animals, it will help clarify the status of the general principl es that connectionists searc for and whic Cric argued against if the details of the brain ar so horrendously complicated, then erhaps the answ er is not to study simple mo dels of large brains, but to study large mo dels of simple brains. This shift to an an tian throp cen t ric fo cus for ai has manifest implications for the connec- tionist study of language. This is core cognitiv function 56 p.62]. But if the argumen ts listed ab are accepted, then ac the researc hers in olv ed) all curren connectionist mo dels of language are wildly premature. Language will est understo as ery high la er in subsumption arc hitecture: ho it in teracts with lo er la ers could of vital imp ortance, and should study these lo er la ers �rst. If are still et to determine the subsym olic or neural basis underlying the dance-language of ees, ho then are supp osed to study asp ects of uman language at an ything but the most gross lev el of neuroanatom (i.e. studies of lesioned patien ts)? simply do not kno enough. Conclusion The signi�cance of computational neuro ethology is its spanning of all la ers of the MacGregor- Lewis strati�cation. The prosp ects for computational neuro ethology lo ok go d; it will nev er answ er all of the questions ask ed of computational neuroscience, but it will pro vide \simplifyin g" net ork mo dels with ell-grounded seman tics, and hop efully lead to consequen rejection of in terpretation in fa our of observ ation. Sub jectivit will giv to ob jectivit The use of closed-en vironmen sim ulators, coupled with the rejection of the ph ylogenetically top-do w study of in telligence, hails new approac h. This new approac is ev olutionist and an t ian t hrop cen tric. It fo cuses atten tion on the true issues underlying in telligence. Language ust ait. Discuss. 21 This part of in telligence is where ev olution has concen trated its time it is uc harder." p.1]. Clark mak es related oin t: in telligence has ev olv ed as means of satisfying our basic surviv al require- men ts. It has not een selected for its capacit to ac hiev the high-lev el men tal feats whic so uc ork in ai is dedicated to mo dellin g. If an erform suc feats it is only in virtue of our eing endo ed with set of lo w-lev el capacities whic just happ en to facilitate the higher-lev el activit \The righ micro or lds to study are not fragmen ts of the sophisticated uman ac hiev emen ts, but the less sophisticated ac hiev emen ts of the arious animal in telli- gences, ranged across the ph ylogenetic tree." 13 pp.4{5; original emphasis] In particular, Bro oks adv cates the construction of rob otic insects: \Insects are not usually though of as in telligen t. Ho ev er, they are ery robust devices. They op erate in dynamic orld, carrying out um er of complex tasks No uman-built systems are remotely as reliable Th us see insect lev el eha vior as noble goal for arti�cial in telligence practitioners. eliev it is closer to the ultimate righ trac than are the higher lev el goals no eing pursued." p.7]. Similarly ev olutionist argumen ts ha een prop osed in neuro ethology Probably the most passionate adv cate of restricting study to arthrop ds (the animal class to whic insects elong) a Graham Ho yle: \Man neuroph ysiologists express no, or ery little in terest in in ertebrates. Their goal is to understand the higher mammalian nerv ous system, erio d. The in ertebrat es ha nerv ous systems whic will certainly understo �rst in cellul ar and connectivit terms de�nition, the general principles ust those features whic ertebrates ossess in common with in ertebrat es The study of sp eci�cal ly uman nerv ous systems is an applied, not general, science." 30 p.17]. rom the oin of view of neural mo dellin g, fundamen tal adv an tag lies in insect neuroar- hitecture. There is ample data in the biology literature demonstrating that insect (and other arthrop d) nerv ous systems are constructed with particularly economical use of neurons. or example, insect uscles are generally innerv ated with no more than six neurons, while mammals ma use undreds of nerv cells to erform the same excitatory function 62 pp.3{4]. Similarly there is ersuasiv evidence 37 57 that insect nerv ous systems are ery �nely tuned to max- imise information capacit in the presence of noise. This con trasts with the commonly held view that mammalian nerv ous systems transmit iden tical information er man parallel indep enden hannels, whic are subsequen tly in tegrated to reduce the disruptiv e�ects of noise. As oung notes 62 p.4], the smaller um er of nerv cells in olv ed do es not necessarily indicate that the neural principl es of op eration are simpler in insects than in higher animals. Ho ev er, it do es mean that computational net o rk sim ulation of insect nerv ous function is closer in arc hitectural terms to biological realit than an corresp onding mo del of mammalian or primate function, sev eral orders of magnitude. So, erhaps the est approac to studying in telligence is, ph ylogenetically sp eaking, ottom- up rather than top-do wn. All previous ork in cognitiv mo dellin has fo cused on adv anced animals, near the top of the ph ylogenetic hierarc i.e. umans (and, in vision researc h, other mammals). et the only case for suc an throp cen tricit is an priori one. Studying in telligence mo dellin insects migh seem coun terin tuitiv e, but then again it migh yield some useful results. erhaps ha een missing something. 20 Th us the cen tral ideas in the Bro oksian philosoph are: that the con trol of mobile rob ot can view ed in terms of eha viours rather than functional mo dules; that the subsumption arc hitecture allo ws for incremen tal construction and debugging of complex mobile rob ot con trol systems; that lo w-bandwidth net ork of lo osely coupled simple async hronous pro cessors can erform the required computation; and that there is no need for cen tral con trol mo dule: \The con tr ol system can view ed as system of agen ts eac busy with their wn solipsist orld." p.19]. Bro oks claims pp.6{7] main adv an tages for systems built according to his principles: parallel con trol paths and parallel eha viour generation. The presence of man parallel con trol paths through the system means that the most relev an eha viour is activ ated for giv en situation: there is no longer \w eak est link" on whic the system’s en tire erformance dep ends. When more than one eha viour is appropriate in giv en situation, parallel eha viour generation ccurs: there is no cen tral ottlenec of con trol, and desirable redundancy and robustness result from ha ving hoice of eha viours ailable. The in ten tion then in closed-en vironmen sim ulator computational neuro ethology is to create subsumption arc hitecture where the mo dules forming eac la er are not formal (sym olic) �nite state automata, but small arti�cial neural net orks. net ork mo del constructed according to subsumption arc hitecture is an explici recognition of the inhomogenous nature of natural nerv ous systems. Tw guiding principles in Bro oks’s ork that are particularly relev an to suc an approac are: \Complex (and useful) eha vior need not necessarily pro duct of an extremely complex con trol system. Rather, complex eha viour ma simply the re ection of complex en vironmen [[ 54 ]]. It ma an observ er who ascrib es complexit to an organism not necessarily its designer." p.3] \F or robustness sak the rob ot ust able to erform when one or more of its sensors fails or starts giving erroneous readings. Reco ery should quic k. This implies that built-in self calibration ust ccurring at all times. If it is go enough to ac hiev our goals then it will necessarily go enough to eliminate the need for external calibration steps. force the issue do not incorp orate an explicit calibration steps for our rob ot. Rather try to mak all pro cessing steps self calibrating." p.4] More recen tly Horswill and Bro oks 29 ha describ ed rob otic cart driv en la ered con tr ol system. This cart has top-lev el ob jectiv of trac king (pursuing) ob jects presen ted to it. The ob jectiv is successfully ac hiev ed in real-time using comparativ ely lo w-resolution vision system as it’s sole means of input. The recen tly devised cascade-correlation neural net ork learning tec hnique 22 ears conceptual similarit to subsumption arc hitecture. 6.3.2 AI: Arti�cial In telligence or Arti�cial Insects? Moreo er, Bro oks argues that there are sev ere limitations on the generally accepted metho d- ologies of arti�cial in telligence, and that the curren tly accepted conceptual decomp ositions and static represen tations are wrong. He argues for shift to pro cess-based mo dellin g, con tending that: mobilit acute vision, and the abilit to carry out surviv al related tasks in dy- namic en vironmen pro vide necessary basis for the dev elopmen of true in telligence." p.2]. Bro oks’s argumen is based in part on the ev olution of in telligen eings: that in tellectual ca- pabilities suc as writing and ‘exp ert’ kno wledge are, on the ev olutionary timescale, ery recen dev elopmen ts indicates to him that the creation of arti�cial en tities truly ossessing suc abil- ities will relativ ely straigh tfor ar once the essence of eing and reacting are a ilable. 19 cohesiv e, 10 mo dules. Suc systems are a ed in that they are only as strong as their eak est link, there is normally cen tral lo cus of con trol (either declarativ or pro cedural: either data ottlenec or means of propagating errors) p.6], and all mo dules need to in place efore the system is truly op erativ e. Bro oks prop oses that the primary decomp osition of the con trol problem should in to task achieving ehaviours That is, he adv cates dividi ng the desired in telligen eha viour of system in to collection of simpler eha viours; eha viourally complex systems are th us comp osed from um er of computational systems ac hieving simpler eha viours. The in ten tion is that the simpler systems should indep en den t, but some degree of erlap is lik ely in practice. Bro oks organises the eha vioural decomp osition on the basis of concepts: task ac hiev e- men and comp etence lev els. ask ac hiev emen dictates that: \Eac eha vior should ac hiev some task. I.e., there should some observ able phenomenon in the total eha vior of the system whic can used an outside observ er to sa whether the particular sub-b eha vior is op er- ating successfully ." p.6]. Comp etence lev els sp ecify era ll system erformance in rather informal manner: \A set of task ac hieving eha viors together pro vide the rob ot with some lev el of comp etence. They should designed so that as new task ac hieving eha viors are added to the system, the lev el of comp etence increases." ibid .]. Bro oks further discusses la ered con trol system: \La ers of con trol system are built to let the rob ot op erate at increasing lev els of comp etence. La ers are made up of async hronous mo dules whic comm unicate er lo bandwidth hannels. Eac mo dule is an instance of fairly simple computational mac hine. Higher lev el la ers can subsume the roles of lo er lev els suppressing their outputs. Ho ev er, lo er lev els con tin ue to function as higher lev els are added. The result is robust and exible rob ot con trol system." abstract] or example, the �rst four lev els of comp etence of the rob ot constructed Bro oks are pp.6{7]: 0. Av oid con tact with ob jects (whether the ob jects mo or are stationary). 1. ander aimlessly around without hitting things. 2. \Explore" the orld seeing places in the distance whic lo ok reac hable and heading for them. 3. Build map of the en vironmen and plan routes from one place to another. These la ers are implemen ted to form what Bro oks p.7] calls subsumption ar chite ctur initially the complete rob ot con trol system is constructed to ac hiev lev el comp etence this is referred to as the zeroth la er con trol system; once it is completely debugged it is nev er subsequen tly altered. Next, the �rst la er con trol system is constructed: it can receiv input from the la er system, and additionally it can suppress, or subsume the output of the zeroth la er. The zeroth and �rst la ers together implemen lev el comp etence. Similarl higher la ers are constructed to realise higher lev els of comp etence. particular la er alw ys runs una a re of the activities of all higher la ers, an of whic migh in terfere with its datapaths. Eac lev el of comp etence include as subset eac earlier lev el of comp etence p.7], so successiv la ers can view ed as represen ting increasingly more sophisticated and constrained classes of allo able eha viour. In Bro oks’s original rob ot, eac la er is built from um er of async hronous mo dules, and eac mo dule is �nite state mac hine p.9]. 10 Cohesion is sometimes referred to as binding in the literature (e.g. 47 pp.158{164]). 18 Bro oksian sense, then the mo del ceases to demand pure interpr etation most results are observe That is, discussion of the mo del net ork ceases to solely subje ctive and ecomes uc more obje ctive Soft data is replaced hard data. This is not to sa that al net o rks without sensorimotor link age are necessarily do omed to purely sub jectiv in terpretation. Nev ertheless, to man simplifyi ng connectionist mo dels are presen ted as evidence for (as et) unfalsi�abl claims ab out the biology they are purp orted to represen t. Analysis and in terpretation will still required in closed-en vironmen computational neuro ethology but it is ossible to talk of computational neuro ethology as falsi�able endea our. This is not efore time. There is signi�can amoun of connectionist literature whic treats the metho dology as some form of ccult lore: little understo and more erful than those who practice it. The so oner this ‘neuromancy’ is replaced something approac hing ‘neurosmith y’, the etter. 6.3 Finale: Implications The implications of computational neuro ethology for cognitiv science are, eliev e, more fun- damen ta than simply tigh tening up slac discipl in e. brie y outline some though ts elo w, but the credit is due to others: the inspiration comes mainly from past ork in rob otics Ro dney Bro oks and in neureothology Graham Ho yle. The need for eha vioural link age, and its satisfaction using closed-en vironmen sim ulation system, raises supplemen tary issue: if there is so uc emphasis placed on the preserv ation of the data-path from sensory input to motor output, ho is it ossible to mo del high-lev el cognitiv functions where there is eliev ed to signi�can pro cessing erformed et een input and output? Surely the sequence of functional units et een input and output in complex tasks suc as sp eec understanding or three-dimensional reasoning from vision is so long as to mak the mo dellin task prohibitiv ely complex? If this problem cannot resolv ed, at least in principl e, then closed-en vironmen sim ulation is only useful for ery small class of problems: problems whic traditionally ha een eripheral to cognitiv mo delli ng and arti�cial in telligence. ortunately help is at hand. This problem is resolv ed careful atten tion to assump- tions implici in its form ulation: �rst, that sequen tial functional decomp osition of cognitiv pro cesses is the est approac h; second, that what ha traditionally een ‘core’ topics in cognitiv mo delling really are core topics, i.e. that problems amenable to closed-en vironmen sim ulation al ly are eripheral issue. Both of these assumptions ha een questioned and found an t ing Bro oks. 6.3.1 Subsum ption Arc hitecture Bro oks has dev elop ed an approac to the design of con trol arc hitectures for mobile rob ots op erating in the real real orld, whic can readily adopted for use in the sim ulated real o rlds of closed-en vironmen sim ulators. The ey to Bro oks’s approac is the concept of layer con trol system, whic leads to con trol arc hitectures and strategies radically di�eren from con en tion. The con en t ional approac to constructing mobile rob ot con trol system is to decomp ose the problem in to set of functional units creating an essen tially sequen tial linear datapath whic starts at the sensory transducers and ends at the motor actuators. The soft are structure of con trol system based on suc functional decomp osition ypically has highly coupled, logically or example, at ma jor Europ ean conference in 1989, only one connectionis pap er as accepted. This pap er emplo ed bac k-propagation to create net ork. Both the author and the referees missed the fact that the net ork as underconstrai ne and as merely erforming table-lo okup Simple algebra from net ork statistics explicit in the pap er ould ha rev ealed this. No names, no pac k-drill. 17 closed-en vironmen mo del. No umans are required. The feedbac prop erties of the en vi- ronmen ha long een recognised (neuro)ethologists: e.g. it is referred to as \rea�erence" in the e�erence cop yp othesis of insect optomotor mo emen ts, commonly attributed to on Holst and Mittelstaedt in the mid 1950’s, but �rst suggested on Helmoltz in 1925 (see 11 p.342]) Closed-en vironmen sim ulator systems already exist, alb eit not in neuro ethology but in e.g. the domain of military and commercial igh sim ulators. Here the neural net ork is real (and uman) but that is not material: motor commands are issued (to the co kpit con trol devices suc as jo ystic and engine throttle) and the sim ulator erforms the computations necessary on mo del en vironmen to generate the sensory input (e.g. dynamic 3-D graphics and sound, mo emen of the co kpit, etc.) whic pro vides sensorimotor feedbac k. Closed-en vironmen sim ulators for neuro ethology can fashioned in uc the same manner. The sim ulation of the medium th us in olv es two mo dels: the mo del net ork and the mo del en vironmen t The complexit of the sim ulation is dep enden on the theory implemen ted the sim ulator. This is an imp ortan issue, oin ted out to me Pic kles 43 ]: in order to sim ulate something, ou should �rst ha theory of that thing, ecause the sim ulation is an em dimen of the theory ev en if the only statemen of the theory is implici tly in the sp eci�cation of the sim ulator. This has earing ecause the use of sim ulated en vironmen ts is op en to the accusation of falling in to the micro-w orld trap, whic dogged ai through the early 1970’s (see 19 for discus- sion and oin ters to the micro-w orld literature). Closed-en vironmen sim ulators are not sub ject to micro-w orld problems ecause they are not \to y" systems relian on uman in terpretation. They are real-w orld mo dels for certain de�nition of real. Consider: \There is great metho dological danger in tac kling ai problems in to orlds. The de�nition of \to y" here includes all orlds where it is not up to the ai system itself to do all the understanding of the orld itself without relying on uman in terpreter. Lik ewise orld is \to y" orld if the ai system is not resp onsible for carrying out its actions in the orld without uman agen to in terpret its resp onses. Suc requiremen ts on an ai system th us force it to part of rob ot system acting in al world for some de�nition of real. This is uc stronger de�nition of real orld than is normally used." Bro oks p.5, original emphasis]. Ev en under suc strong de�nition of real orld, it is ossible to ork on real-w orld prob- lems using closed-en vironmen sim ulators rather than rob otics (th us ignoring some of the more problematic engineering issues of sensorimotor transduction). An existence pro of is the syco sim ulator of visual pro cessing in ho er y 16 ]. The adv an ta ge in the use of sim ulated \real" orlds rather than the real orld (i.e. rob otics approac h) is that the real real orld has man sup er uous degrees of freedom: man exp erimen ts in e.g. visual neuro ethology tak great care to minimise the dimensionali of the exp erimen- tal animal’s orld creating visually imp erished en vironmen ts (suc as strip ed optomotor cylinders: e.g. 10 p.211]). Suc precautions are also necessary at least during dev elopmen and testing, in erceptual rob otics; but in sim ulated \real" orlds identic al conditions can recreated as man times as is required. The closed-en vironmen sim ulator approac th us pro vides eha vioural link age for sim u- lated neural net ork. It grounds the seman tics of the net o rk in the seman tics of the sim ulated en vironmen t And this is the fundamen tal oin t: if the sim ulated en vironmen is \real" in the Of course, umans are needed to set up the mo del and its in terfaces, but e’re not that in terested in where the mo del comes from: it’s what it do es that coun ts. Strictly according to Maturana, it is one mo del (the medium) with comp onen ts: the net ork and ev erything-but-the-net ork. 16 It is in this resp ect that connectionist computational neuroscience has most to learn from neuro ethology and it is this elief in the imp ortance of eha vioural link age that most distin- guishes computational neuro ethology So, computational neuro ethology replaces the in vacuo approac of connectionism with (sim ulated) in vivo approac h; and in doing so, the seman tics of the mo del are automatically grounded. Th us, computational neuro ethology can pro visionally de�ned as eing the study of neu- ro ethology using the tec hniques of computational neuroscience. This de�nition in ten tionally admits man classes of mo del, but the signi�can asp ect is the increased atten tion to the en vi- ronmen that the neural en tit is comp onen of. The ertical nature of neuro ethology precludes restriction purely to \simplifying" (connectionist) mo dels: mo delling tec hniques from realistic computational neuroscience should also applicable to computational neuro ethology urthermore, this broad de�nition is noncommittal on the in terpretation of the ord \com- putational": strict in terpretation ould allo only neuro ethological mo dels that fo cus on eha viour as result of computation; but the ertical nature of neuro ethology surely indicates that mo dels with no dir c reference to computation should still of in terest, and the Matura- nian an ti-pip eline argumen outlined ab additionally indicates that sole fo cus on information pro cessing ma omit imp ortan princip les. So \computational" can simply imply reliance on computerised exp erimen tal tec hniques, as in e.g. computational ph ysics. And that, for the time eing, is the orking de�nition of computational neuro ethology It is broad de�nition, but this is pro visional manifesto, and ensuing debate ma re�ne the de�nition. What is required is guidance on how the connectionist mo del should connected to sensorimotor system, thereb gran ting the required eha vioural link age. This is subissue of the �eld, and is discussed at length in the next section. As men tioned ab e, the term \computational neuro ethology" as coined to describ o rk in studying visual con trol of insect igh 16 ]. There is plen of other researc that can classed as ork in computational neuro ethology: few examples follo w. Rob ert Barlo has agreed that the ork of his researc group on Connection Mac hine mo del of the comp ound ey of Limulus 46 is kind of computational neuro ethology om Scutt uses the term to describ his mo dellin of neurons in the Aplysia net or 51 ]. Also ould classify Mic hael Arbib’s ork on the computational frog ana omputatrix as computational neuro ethology although he himself has describ ed his ork as \(theoretical) neuro ethology" 31 p.381] and \connectionism; neural mo dellin g, neuro ethology" eyw or ds, p.407]. 6.2 The eha vioural link This section discusses ersonal attitude to ar ds the issue of pro viding connectionist mo d- els with eha vioural link age. As suc h, it is only one of man ossible approac hes within computational neuro ethology The need for eha vioural link age is satis�ed incorp oration in the mo del of the im- ortance of the en vironmen within whic the neural en tit is comp onen t. The metho ds of connectionist computational neuroscience can adapted to computational neuro ethology in fairly straigh tfor ar y: em edding the net o rk mo del within close d-envir onment sim ulator. closed en vironmen sim ulator is one whic pro vides datapath that mo dels the external feedbac lo op pro vided the en vironmen t. That is, closed-en vironmen mo dels eliminate an \h umans in the lo op": curren connec- tionist mo dels ha data-path that resem bles the arc hitecture of an op en-lo op con trol system (e.g. p.4]); umans are resp onsible for feeding data (and meaning) in at the fron end and collecting output data (and assigning meaning) at the bac end. Closed-en vironmen mo dels are closer in nature to closed-lo op con trol systems (e.g. p.5]): the feedbac lo op in closed-lo op con tr oller corresp onds to the sensorimotor feedbac pro vided the sim ulated en vironmen in 15 ad hominem but Smolensky’s views are, eliev e, represen tativ of the �eld. Acceptance of in vacuo mo delling is pandemic within connectionism. 5.5 Summ ary Sev eral criticisms of connectionism ha een discussed. It has een argued that the connection- ist paradigm is biologically in vacuo and in this sense is no adv ance on the sym olic paradigm: connectionism has acted merely as palliativ for sev eral of the maladies of sym olism. The solution to this problem is linkin the mo del neural net or to the external orld via sen- sorimotor system, th us grounding the sym ols in the mo del. Suc an approac is more in line with the philosoph of the Maturana sc ho ol. Suc an approac is em died in computational neuro ethology Com putational Neuro ethology 6.1 ards de�nition Computational Neuro ethology (as far as am ar e, originated this term, in 15 ]) is prop osed here as metho of eliminating the ad ho seman tics of con temp orary connectionist mo dels. The de�nition of the term \computational neuro ethology" builds on the de�nition of \neuro ethol- ogy", giv en elo w. Neuro ethology (e.g. 24 20 11 25 62 ]) is oung discipl ine within the biological sciences: it is where ethology (the study of eha viour) meets neuroscience. Its outh puts it in situation not dissimilar to cognitiv science; its precise aims and metho ds are still sub ject of debate (see e.g. 31 25 ]). Put most simply neuro ethology is the study of the neural mec hanisms of animal eha viour 31 p.384]. More sp eci�call the goal of neuro ethology is to relate eha viour to activit within in terconnected groups of nerv cells, where eha viour is de�ned as patterns of mo emen co ordinated in space and time (this de�nition is due to Ew ert 31 p.378, p.381]). As Clarac remarks, \By de�nition, neuro ethology is \v ertical" science, whose main in terest is to link the results obtained from man di�eren lev els of complexit in the nerv ous system." 12 p.384]. That is, neuro ethology spans all la ers of the MacGregor-Lewis hierarc and th us (according to MacGregor 39 p.8]) neuro ethological mo dels are the most broadly signi�can mo dels in neuroscience. So, if neuroscience can said to tak \lo cal" view of an organism, neuro ethology tak es \global" view, erging on the holistic. Man researc hers eliev that it is imp ortan to follo omp ar ative neuro ethological approac h, i.e. exploring the neural principl es in animals of dif- feren ecological and eha vioural adaptations. It is elie ed that suc an in tersp ecies approac ma con tribute to the formalising of general rules and concepts, pro viding insigh in to general neuroph ysiological principl es underlying eha viour 31 p.387]. The relev ance of neuro ethology to the in vacuo problem in connectionism is neatly captured Grossb erg: \Neuro ethology teac hes us that neural circuits are organised to generate adap- tiv goal-orien ted[ eha viors. Without eha vioral link age, no amoun of sup erb neuroph ysiological exp erimen tation can lead to an understanding of brain design, ecause this yp of ork, in isolation, do es not prob the functional lev el on whic an organism’s eha vioral success is de�ned." 23 p.389]. \goal" is used here in the teleologi cal sense rather than the in ten tional sense. 14 The essence of Lak o� ’s argumen is th us that if neurons are appropriately lo cated relativ to the sensorimotor system then activ ation patterns er net or of neurons are meaningful in themselves That is, the activ ation patterns do not ha to \giv en meaning" in the same that sym ol-strings do. But surely an connectionist mo del that is not connected to sensorimotor system has to \giv en meaning" in uc the same as sym olic systems do: whether ou are giving meaning to one discrete sym ol, or to con�guration of activ ations er ector of input or output units, ou still ha to asso ciate these (sub)sym ols with things in the orld; ou are still the source of meaning. Lak o� con tin ues: \In full-blo wn connectionist theory of mind activ ation patterns er neurons are meaningful in themselv es virtue of what they are connected to. The in tractable problem of assigning meanings to sym ols do es not arise here. \It is also imp ortan to remem er that the isolated mo dels connectionists build to study the prop erties of net orks are not full-blo wn connectionist theories of mind. They astly er-simplify or totally ignore, sensorimotor input and output, assuming that, for the purp ose of the study at hand, one can just as ell use feature names, to whic the mo del-buil ders ust assign meanings. This is crucial di�erence et een isolated mo dels and full-blo wn theory it is vital to ear in mind that full-blo wn connectionist theory of mind is lot more than just an information-pro cessing system." 36 p.40] The bac kground to Lak o� ’s argumen is presen ted in 35 ]. The need for neural grounding is also argued for, alb eit less forcefully Mortenson 56 pp.44{45]. Harnad 26 dev elops ery similar argumen to Lak o� ’ s, and prop oses metho for grounding symb olic mo dels in sensorimotor systems, via connectionist pro cesses. The argumen that the linking of neural mo dels to sensorimotor system pro vides an au- tomatic grounding for the seman tics of the mo del is imp ortan t, so some further clari�cation is justi�ed. The precise notion of ‘meaning’ is deep philosophical problem, but for the presen purp oses can tak Lak o� ’s ‘meaning’ to the ontent of the internal epr esen tations osited the mo del 44 ]. Then I’m in terpreting Lak o� ’s argumen as: The represen tational con ten ts of the constituen states of computational pro- cess not connected to sensorimotor system are dep enden on the in ten tions of the erson who designs and observ es the pro cess. If the programmer sa ys that 00100011 represen ts Do then it represen ts Do and that’s all there is to it. On the other hand the con ten t of the states of computational pro cess whic is connected to sensorimotor system are, in sense, obje ctive They do not dep end on the in ten tions of designer or observ er. They dep end, rather, on the role that they ha in the sensorimotor system. 44 That is, sa ying that the seman tics of the system are automatically grounded is another of sa ying that the system’s represen tational con ten is dep enden on eing em edded in sensori- motor system. So, pursuing this approac prev en ts theorists from in en ting the meaning of patterns of ac- tivit (as they are free to while the mo dels remain in their curren isolated status). Smolensky’s reply to this (\[it] seems an imp ortan philosophical oin t, but one that cannot really do an mo delling ork un til the gap is bridged (at least partly) et een the sub conceptual [i.e. con- nectionist] and neural lev els 56 p.66]) is distinctly mezza vo Again, the attac here isn’t The treatmen of seman tics in this pap er is rather simplisti c, but necessarily so in order to ert an undesirabl digression in to the meaning of \meaning". See 55 for more complete treatmen of mac hine seman tics. 13 \First, isolate an in teresting uman ac hiev emen t, story understanding, sa Sec- ond, �nd the est ou can of getting con en t ional on Neumann sic computer to sim ulate some allegedly cen tral unk of the input-output pro�le asso ciated with uman erformance of the task. Finally hop that the program so devised will at least clue to the form of go psyc hological theory of ho uman eings in fact manage to erform the task in question." 14 p.61]. Clark argues that this approac is as biologically implausibl as it is philosophicall unsatisfactory No serious study of mind can, eliev e, conducted in the kind of biological acuum to whic cognitiv scien tists ha ecome accustomed." ibid .]. do not tak issue with the accusation that the classical-cogni tivist approac is biologicall in vacuo But ha gra doubts that curren connectionist computational neuroscience o�ers an real impro emen t. In fact see no di�erence in principl et een the curren connection- ist approac and the classical-cogni tivi st: connectionism just in olv es switc to biological terminology As illustration, compare the Clark quote giv en ab with this sligh tly altered ersion: First, isolate an in teresting nerv ous system ac hiev emen t, visual orien tation detec- tion, sa Second, �nd the est ou can of getting sexy connectionist computer to sim ulate some allegedly cen tral unk of the input-output pro�le asso ciated with neural erformance of the task. Finally hop that the program so devised will at least clue to the form of go biological theory of ho neural net or ks in fact manage to erform the task in question. This captures the spirit of most connectionist researc with whic am familiar. The tune ma ha hanged, but the song remains the same. 5.4 Grounding the seman ti cs This �nal criticism of connectionism con tin ues the theme of the in vacuo problem, demonstrating the full exten to whic connectionism exists within biological acuum. This criticism is Lak o� ’ critique of the seman tics of connectionist systems; similar argumen has een prop osed Harnad 26 ]. Lak o� 36 criticises Smolensky’s 56 accoun of the connectionist paradigm as making uge omission in ignoring the dy He states: \The neural net o rks in the dy do not exist in isolation; they are connected to the sensorimotor system. or example, the neurons in top ographic map of the retina are not just �ring in isolation for the hell of it. They are �ring in resp onse to retinal input, whic in turn is dep enden on what is in fron of one’s ey es. An activ ation pattern in the top ographic map of the retina is therefore not merely meaningless mathematical ob ject in some dynamical system; it is me aningful di�eren activ ation pattern er those neurons ould mean something di�eren t. One cannot just arbitrarily assign meaning to activ ation patterns er neural net or ks that are connected to the sensorimotor system. The nature of the ho okup to the dy will mak suc an activ ation pattern meaningful and pla role in �xing its meaning. \Compare this, for example, with string of sym ols in computer program. The sym ols are not meaningful in themselv es. They ha to \giv en meaning" eing asso ciated with things in the orld. If the sym ols are to stand for categories, those sym ols ust giv en meanings eing asso ciated with categories that are out there in the orld." 36 p.39] 12 5.3.1 Micro-w orlds, again The �rst example concerns the micro-w orld trap in sym olic cognitiv mo delling. This is ab out previous ork in the sym olic paradigm whic prop osed to ha created systems whic ‘under- sto d’ concepts or whic ere claimed to exhibit learning or ‘disco ery’ of new concepts. There is lot of suc ork, and comprehensiv literature review is out of the question here: this is an eclectic erview of the argumen t. Essen tially the criticism of suc mo dels as that all the ‘understanding’ as actually eing erformed the programmers, ecause in creating the system it as necessary to create micro- o rld for the system to ork on 19 ]. Suc to orlds implicitl incorp orated ast amoun of pre-pro cessing. or example, one ell-kno wn system as claimed to dra analogies from Shak esp eare’s pla ys: actually it as ‘sp on-fed’ minimal pre cis of Macb eth whic is ab out 100 o rds long when expressed in English 61 p.413] and requires elv assertions in declarativ represen tat ion 60 p.122]. The problem is that suc programs ha claim to understanding whic is based on the fact that the linguisti and exp erien tial domains the programmer is trying to represen are complex and call for broad range of uman understanding. the program actually op erates within narro ed micro-w orld that re ects the blindness of that represen tat ion." 60 p.123]. Similarly systems whic ere purp orted to learn or disco er new concepts mak their dis- co eries orking on data presen ted in notational formats that represen the fruits of cen turies of uman lab or. Manipulating these represen tations could the tip of the iceb erg; creating them and understanding them ma constitute the unseen bulk." 14 p.14]. One of the app eals of the connectionist approac listed its prop onen ts is the a ilabilit of autonomous learning pro cedures for tuning the eigh ts in the net ork, thereb ‘programming themselv es’ to erform the task at hand. �rst glance, the supp osed autonom (no uman in terv en tion is required to actually alter the eigh ts) and the distributed nature of the resultan represen tat ion oth ould seem to indicate that connectionism do es not su�er from micro o rld problems. Suc learning tec hniques are con en tionally classi�ed in to three broad classes: sup ervised, reinforcemen t, or unsup ervised examples of all classes are giv en in 27 ]. The three classes all share the need for source of input ectors sp eci�cations of the activities of the input units of the net o rk: they di�er in the degree to whic they require additional information in order to correctly tune the eigh ts. And there’s the rub. Ho ev er net o rk is exp ected to learn, it requires source of input ectors whic h, unless the net o rk is in olv ed in the �rst stages of vision or hearing, has to prepared \o�-line", in ariably umans rather than other connectionist net orks. That is, connectionist mo dels whic rely on pre-pro cessed information are susceptible to the same problems as eset the micro-w orld studies of the sym olic paradigm. Smolensky ac kno wledges this problem. He notes 56 pp.7{8] ho imp ortan the hoice of represen tation for input (micro)features is, and notes that mo del’s erformance dep ends cruciall on the input and output represen tations hosen the mo deller. Probably the most celebrated example of this is the Rumelhart and McClelland erb past- tense learning system 42 pp.216{271]: its ‘wic elfeature’ represen tation sc heme (among other things) has een attac ed, most notably in the critique Prince and Pink er 45 56 pp.46{47] where the mo del is describ ed as fairy-tale accoun of the actual cognitiv pro cess. 5.3.2 Sustaining the acuum The second example concerns the elief of man practitioners and observ ers of connectionism that it is someho metho dologically ‘closer’ to biology than the preceding sym olic paradigm a s. or instance, Clark refers to the old sym olic approac as the classical-cogniti vist approac h, and haracterises it th us: 11 This maths-driv en nature of connectionist arc hitecture is ac kno wledged Smolensky: \In the driv for more computational er, arc hitectural decisions seem to driv en more and more mathematical considerations and less and less neural ones." 56 p.9]. So, the view (implici in connectionism) of nerv ous systems as input/output pip eli ne devices is mistak en and should o ided. Suc an opinion as also expressed Ho yle: \I am ready to tak seriously an mo del whic treats nerv ous systems as devices for the in trinsic generation of eha viour as their primary purp ose. Inputs whic pro- mote general or sp eci�c eha viours, or whic mo dify ongoing eha viour, or whic are an ticipated and incorp orated in to the generation of sp eci�c eha viours, are su- erimp osed up on an in trinsic capabilit ust reject all mo dels (they are the ma jorit y) that treat nerv ous systems as if they ere input/output devices." 31 p.408] urthermore, Maturana’s philosoph admits no di�erence, from the standp oin of the ner- o us system, et een ‘real’ stim ulus and hallucinatory one. or instance, when ligh hits the retina, it triggers hemical hanges in the photoreceptors and subsequen in terneurons, i.e. structural hanges ccur in the nerv ous system. Ho ev er, if hemical irritan is injected on to the retina causing the same structural hanges, then there is no the nerv ous system can distinguish et een the forms of erturbation. erception is an ersimplifying concept in this con text ecause to talk of ‘p erception’ of the ligh is to admit talk of ‘p erception’ of the irritan t: the question of whether the ercept of ligh as hallucin ation or as really erceiv ed mak es no sense at the neuroph ysiological lev el 60 pp.42{43]. As Winograd and Flores note: \Maturana argues that all activit of the nerv ous system is est understo in this The fo cus should on the in teractions within the system as whole, not on the structure of erturbations. The erturbations do not determine what happ ens in the nerv ous system, but merely trigger hanges of state. It is the structure of the erturb ed system that sp ci�es what structural con�gurations of the medium can erturb it." 60 pp.42{43, original emphasis]. The term ‘medium’ has sp ecial meaning here: it refers to the space in whic an organism exists; an en tit exists not as separate ob ject inside medium, but as part of it. That is, there is no mo dular separation et een an en tit and its ‘en vironmen t’ 60 p.43]. That an en tit is de�ned only in terms of its surrounding en vironmen is an issue ignored virtually all curren connectionist mo dels. Most treat the ortion of the nerv ous system under study as capable of eing mo delled in vacuo est, connectionist mo dels are extremely or appro ximations to in vitr studies. 5.3 Microscop En vy Unfortunately the connectionist disregard for past ork in biology do es not stop at the philo- sophical lev el of Maturana. Lehnert’s diagnosis of connectionists as closet ph ysicists su�ering from theorem en vy as noted ab e. suggest that the complemen tary case also applies: some connectionists are ph ysicists or mathematicians who are closet biologists su�ering from micro- scop en vy Sp eci�cal ly it app ears that one concrete ac hiev emen of the connectionist paradigm has een to recast old problems of the sym olic paradigm at new, biological, lev el. This is problem ro oted in the ca alier attitude most prop onen ts of connectionism adopt to a rds biological realit or example, The phrase \neuron-lik e" (as in \a net ork of neuron-lik units ") epp ers the literature, to the oin where \neuron-lik e" apparen tly means \mapping man inputs on to one output through nonlinearit y". In whic case the euclid ian -space distance op erator =1 is neuron-lik e. I’ll limit discussion of old problems recast to examples. 10 is extreme, but no more extreme than the priori assumption made mathematically orien ted researc hers that yp theories ar ailable for whatev er asp ect of brain function they turn their atten tion to. As Bo den noted, in attempting to understand Nature ust tak care not to seduced mathematics at the cost of considerations of realit Maths is useful, but not that useful. 5.2 iological studies of cognition The preo ccupation with elegan mathematics has led, eliev e, to connectionists ignoring signi�can sc ho ol of though in neuroscience: that of Hum erto Maturana and his colleagues. Maturana’ ork is concerned with understanding ho phenomena suc as cognition and lan- guage are ro oted in biological pro cesses. He as in olv ed in pioneering studies of the neuroph ys- iology of vision (e.g. 41 ]), later dev eloping theories of the organisation of livin systems and of language and cognition. Maturana’s ork is hallenging, using large sp eciali sed cabulary and full review of his ork is ey ond the scop of this pap er: it will su�ce here merely to no in his direction. The notes that follo are based on an erview of his ork Winograd and Flores 60 pp.38{53]. The asp ect of Maturana’s ork whic feel connectionism has most to gain from concerns the closure of the nerv ous system 60 pp.41{44]. Essen tially Maturana’s argumen is that erception should studied examining the prop erties of the nerv ous system not as �lter on the mapping of realit but as generator of phenomena. This is illustrated an example from colour erception. If an ob ject is illumi nated from opp osing sides ligh ts, one white and the other red, then it casts shado ws. On the bac kgr ound of pink ligh t, one of the shado ws app ears red and the other app ears gr e But this is in the absence of ligh with signi�can energy in the elengths around 530{560nm whic is usually called green. The argumen of Maturana and his colleagues is that erception of the green shado pro duces the same neural activit patterns as ould green ligh t. Th us: \the presence of ‘green’ for the nerv ous system is not simple correlate of the presence of certain elengths of ligh t, but the result of complex pattern of relativ activit among di�eren neurons." 60 p.41]. Maturana realised that the study of colour vision should not en visaged as studying the mapping of colourful orld on to the nerv ous system, but rather as understanding the partici- pation of the retina or nerv ous system in the generation of the colour space of the observ er. As Winograd and Flores relate: \Maturana describ es the nerv ous system as closed net ork of in teracting neu- rons suc that an hange in the state of relativ activit of collection of neurons leads to hange in the state of relativ activit of other or the same collection of neurons. rom this standp oin t, the nerv ous system do es not ha ‘inputs’ and ‘out- puts’. It can erturb structural hanges in the net o rk itself, and this will a�ect its activit but the sequence of states of the system is generated relations of neuronal activit as determined its structure." 60 p.42, original emphasis] The lesson to learned from this is that the nerv ous system should not treated as an input-output device. But most connectionist mo dels do exactly that. That is, they treat the neural function to mo delled as eing implemen ted on ‘pip eli ne’ pro cessor. The most lik ely reason for this is the mathematical tractabilit of \feed-forw ard" net o rk mo dels, where eac unit sends output only to units in subsequen la ers in the net or (i.e. later stages of pro cessing). or instance, the bac k-propagation net o rk learning algorithm 49 ], the sub ject of uc atten tion in the literature, op erates only on feed-forw ard net orks and is de�ned solely in terms of the input-output pro�le of the function at hand. rendously complicated that no go will come of cramming one’s head with that sort of information." 17 p.132] Cric k’s on tological ob jection is ro oted in his metho dological criticism. He argues that the searc for mathematical expression is highly questionable ecause there is no guaran t ee of deep general principl es eing em died in the functioning of the brain. He o�ers the genetic co de as go example of complex natural system whic is not easily haracterised small set of general principl es: the brain ma ac hiev its aims using \series of slic tric ks" 17 p.132]; and he con tends that further researc should aimed at resolving this issue: \Learning ab out neurons, their eha viour and their connections, will not itself solv our problems, but will at least suggest the sort of answ er to lo ok for and can used, often rather decisiv ely to dispro false theories." 17 p.132] Cric k’s doubts er the existence of deep principl es of brain function can phrased in terms of Marr’s division of studies of biological information pro cessing in to yp and yp theories 40 ]. Brie y Marr de�nes yp theory as one whic accoun ts for problem decomp osing it in to set of computations whic ust erformed: yp theories are little concerned with algorithmic details of implemen ting the computation; they are prealgorithmic in that they fo cus on what an algorithms should doing, and suc information is captured in computational theory of the function under study As Marr notes, \The y in the oin tmen is that while man problems of biological information pro cessing ha yp theory there is no reason wh they should all ha e. This can happ en when problem is solv ed the sim ultaneous action of considerable um er of pro cesses, whose inter action is its own simplest description, and shall refer to suc situation as yp theory ." 40 original emphasis]. Marr’s example of candidate for yp theory is the problem of predicting ho protein will fold. Marr oin ts out that there is sp ectrum of ossibili tie et een yp and yp theories: the distinction is not pure dic hotom So, in Marr’s terms, Cric k’s ob jection is that curren neural net ork mo dels are founded on the premise that yp theories ar ailable for the asp ects of brain function under study and he elie es that it is lik ely that only yp theories will useful. In this phrasing, Cric k’s views app ear somewhat extreme, and some researc hers view his critique as caricature of the �eld. In the in terest of balance, it is orth w hile to note that suc fo cus on mathematics at the exp ense of other (biological) considerations is feature also found in the sym olic paradigm.

or instance, Bo den criticised Ullman’s 59 ork in lo w-lev el vision, where an attempt to iden tify the minimal computational pro cesses required to explain motion erception led to ethologically implausible yp otheses: \What is ethologically implausib le ab out Ullman’s yp otheses is that they assume the erception of rigid ob jects to basic, while erception of non-rigid mo emen is tak en to more complex sp ecial case. Mathematic al ly of course, the erception of non-rigid motion is more complex; but this do es not pro that it is biolo gic al ly secondary to the erception of rigid ob jects. Admittedly rob ot could pro vided with an Ullmanesque capacit to erceiv rigid ob jects in motion; but whether an creature on the ph ylogenetic scale emplo ys suc visual mec hanisms is another question." p.10, original emphasis] Nev ertheless, Cric k’s ob jections cannot ignored. The fo cus on elegan mathematics can read as an axiomatic acceptance of the existence of yp theories \w aiting to disco ered"; and he righ tly dra ws atten tion to the con trasting view that brain function will only ev er usefully describ ed yp theories. In opinion, his apparen dismissal of the yp approac and implementationalism Brie y the implemen tationalist view is that sym olic pro cessing mo dels of cognitiv pro cesses are exactly correct accoun ts, and that connectionist (subsym olic) accoun ts are merely implemen tations of the sym olic pro cesses. That is, they are still exactly correct but they are irrelev an ecause they con tribute nothing new. the other extreme, the eliminativi st view is that sym olic mo dels are nothing but folklore. Smolensky partitions the elimin ativist view in to factions: the most extreme is the neural-elimi nativist, whic additionally adv cates that the subsym olic lev el of connectionist mo delli ng is nonexisten t, while the connectionist-el imi nativi st main tains that subsym olic mo dels are in fact exactly correct. Smolensky argues that the prop er treatmen of connectionism is to place it sligh tly to the implemen tationalist side of connectionist-el imi nativi sm; osition he describ es as limitivist The limitivist view still holds that subsym olic mo dels are exactly correct as cognitiv mo dels, but it concedes that sym olic mo dels are appro ximately correct. ut of the frying pan, in to the re Connectionism has not een receiv ed with univ ersal acclaim. Criticisms ha een made oth of sp eci�c mo dels and of the metho dology as whole. Presen ted elo are summaries of critiques some other authors, along with some criticisms of wn. Again, this pap er is only in terested in (attac ks on) connectionism qua simplifyin computational neuroscience. am ar that some criticisms ha een replied to prop onen ts of connectionism, but full review of the debate o uld an un elcome digression here. The four criticisms made elo are those whic feel connectionism has most consisten tly failed to ac kno wledge or answ er. They are presen ted in appro ximate order of ascending imp ortance, but are also in terdep enden t. 5.1 The un ting of the Snark forceful critique of the connectionist approac as made Cric 17 ]. He argues that connec- tionist \mo dels" do not corresp ond su�cien tly closely to real neural systems to regarded as mo dels in the usual sense: \In another con text they migh reasonably referred to as existence pro ofs. As suc they ha certain use." 17 p.131]. He attac ks connectionist researc on metho dological and on tological grounds. His metho dological ob jection is that connectionists emplo mathematics as an in tellectual prop: he suggests that within most mo dellers frustrated mathematician is trying to unfold his wings. It is not enough to mak something that orks. Ho uc etter if it can sho w to em dy some erful general principle for handling information, expressible in deep mathematical form, if only to giv an air of in tellectual resp onsibil it to an otherwise rather lo w-bro en terprise." 17 p.132]. similar criticism has also een made Lehnert, who argues that \the in terdiscipli nary app eal of connectionism is not so uc computational app eal, as it is an app eal based on theorem en vy connectionism has come to the rescue of new generation of psyc hologists who are really closet mathematicians and ph ysicists." 56 p.40]. Cric criticises past ork in psyc hology and linguistic for its preference for simple mo dels whic ac hiev the task in hand in an in telligibl manner, an approac ro oted in the elief that the brain is in tractably complex. He notes that prop onen ts of suc an approac are generally not concerned the absence of criteria of biological or psyc hological feasibilit and haracterises their philosoph th us: \If it describ es, in succinct some of the psyc hological data, what can wrong with that? Notice, ho ev er, that using suc argumen ts, one could easily mak go case for alc hem or the existence of phlogiston." 17 p.131]. He con tin ues: \Wh not lo ok inside the brain, oth to get new ideas and to test existing ones? The usual answ er giv en psyc hologists is that the details of the brain are so hor- of this pap er all three terms will treated as synon ymous, using \connectionism" as an um- brella term. Once again, this pap er concen trates only on connectionist mo dels whic are also simplifying computational neuroscience mo dels: engineering or purely psyc hological mo dels are ignored. Examples of all three st yles can found in 50 42 ]. It is is not within the scop of this pap er to attempt comprehensiv de�nition of connec- tionism, nor is it ossible to fully examine here the osition of connectionism in the con text of past practice in cognitiv mo dellin g. Ho ev er, oth of these tasks ha een erformed Smolensky 56 ], and the notes that follo in this section are dra wn wholly from his compre- hensiv and in uen tial article. They are presen ted here as represen tativ of the �eld, rather than as the view of small group of Smolensky cohorts. This section presen ts his de�nition of connectionist mo dels, and summarises his haracterisation of the relationship of connectionism to preceding paradigms of cognitiv mo dellin g. The section after this one discusses criticisms of the approac h. \Connectionist mo dels are large net orks of simple parallel computing elemen ts, eac of whic carries umerical activation value whic it computes from the alues of neigh oring elemen ts in the net ork, using some simple umerical form ula. The net ork elemen ts, or units in uence eac other’s alues through connections that carry umerical strength, or weight if unit has ositiv activ ation alue, its in uence on neigh or’s alue is ositiv if its eigh to that neigh or is ositiv e, and negativ if the eigh is negativ e. In an ob vious neural allusion, connections carrying ositiv eigh ts are called excitatory and those carrying negativ eigh t are inhibitory \In ypical connectionist mo del, input to the system is pro vided imp osing activ ation alues on the input units of the net or k; these umerical alues represen some enco ding, or epr ese ntation of the input. The activ ation on the input units propagates along the connections un til some set of activ ation alues emerges on the output units these activ ation alues enco de the output the system has computed from the input. In et een the input and output units there ma other units, often called hidden units that participate in represen ting neither the input nor the output. \The computation erformed the net o rk in transforming the input pattern of activit to the output pattern dep ends on the set of connection strengths; these eigh t are usually regarded as enco ding the system’s kno wledge. man connec- tionist net orks pr gr am themselves that is, they ha autonomous pro cedures for tuning their eigh ts to ev en tually erform some sp eci�c computation. Suc learning pro cedures often dep end on training in whic the net ork is presen ted with sample input/output pairs from the function it is supp osed to compute. In learning net- orks with hidden units, the net o rk itself \decides" what computations the hidden units will erform; ecause these units represen neither inputs nor outputs, they are nev er \told" what their alues should e, ev en during training." 56 p.1; original emphasis] Smolensky describ es connectionism’s relation to the main lev els of analysis in previous o rk: the neural (as in realistic computational neuroscience) and the sym olic (as in nearly all o rk in cognitiv mo dellin and arti�cial in telligence ai up un til the early 1980’s). Smolensky osits connectionism as constituting new lev el of analysis, in termediate et een the sym olic and neural lev els. This he refers to as the subsymb olic lev el. The argumen for the existence of this new lev el is in olv ed, and will not rep eated here; see 56 ]. Smolensky 56 pp.59{62] describ es sp ectrum of ositions on connectionism’s relation to the sym olic approac h. The sp ectrum he in tro duces has as its extremes eliminativism 2. The results ma in alidated the inadv erten exclusion of imp ortan features, ecause all the cellul ar details are not et kno wn. 3. Realistic mo dels incur high computational costs. Progress has een hamp ered the lac of a ilable computing er, and man theoretical mo dels and questions mak compu- tational demands ey ond the state of the art. Un til quite recen tly only small nerv ous systems, or fragmen ts of more complex ones, ha een feasible as realistic mo dels. Of these eaknesses, the third will treated here as pragmatic issue, and ignored. The �rst o, particularly the second, will returned to later in this pap er. Probably the est kno wn realistic mo dels are the Ho dgkin-Huxle neuron mo del 28 and the Hartline and Ratli� mo del of lateral inhibi tion in the ey of Limulus 48 ]; man other realistic mo dels are discussed in 39 h.2{6]. The realistic mo delling approac is most appropriate when kno wledge of the circuit to mo delled is almost complete do wn to the bioph ysical lev el, and the function of the circuit is already kno wn 38 p.361]. 3.2 Simpli fying mo dels The use of \simplifyin g" mo dels is an approac applied at the net ork lev el of nerv ous sys- tems: the pro cedure in olv es starting with function suc as erceptual abilit and designing \simpli�ed neural circuits that can erform the function within the constrain ts of the state of kno wledge." 38 p.361]. Prop onen ts of simplifyi ng mo dels claim that they o�er greater conceptual clarit and that they ful�ll erceiv ed need for mo dels capturing imp ortan principl es. Their supp orters prop ose 52 p.1300] that they are analogous to asp ects of the ph ysics literature suc as textb ok examples that admit exact solutions, or minimal mo dels (e.g. phase transitions) whic repro duce the essen tial prop erties of ph ysical systems: \The study of simplifyin mo dels of the brain can pro vide conceptual framew or for isolating the basic computational problems and understanding the computational constrain ts that go ern the design of the nerv ous system." 52 p.1300]. \These mo dels abstract from the complexit of individu al neurons and the pat- terns of connectivit in exc hange for analytical tractabilit ." 52 p.1301]. Sejno wski et al. state 52 pp.1300{1301 that simplifyin mo dels include those curren tly eing in estigated under the general headings of connectionist mo dels, parallel distributed pro- cessing pdp mo dels, and \neural net orks" they remark that some of the mo dels rep orted on under these headings are used not for brain researc h, but for neural engineering or for the study of purely psyc hological pro cesses. It is those connectionist mo dels used for brain researc that are discussed here. Note that in this pap er I’m not questioning the general principl of studying simpli�ed systems: Galileo’s studies of balls rolling do wn incli ned planes are go example of the usefulness of extremely simple mo dels (see e.g. 58 pp.28{32]). What is under scrutin in this pap er is whether the curren style of simplifyi ng computational neuroscience mo dels is misguided or not. Connectionism There has een some debate er the meaning of the terms \parallel distributed pro cessing", \connectionism", and \neural net o rks". These terms ha een lo osely applied in the past, to um er of somewhat div erse and underdev elop ed theoretical framew or ks. or the purp oses assume here that the sole domain of cognitiv science is psyc hologically or biologically plausibl mo dels of cognitiv pro cessing. That is, assume that the creation of what Dennett 18 calls \cognitiv wheels" is prop erly only the domain of ai although, of course, some cognitiv wheels ma lurking within the cognitiv science canon, et to refuted. Com putational neuroscience The notes in this section are tak en mainly from 52 and arious parts of 34 ], to whic the reader is referred for further information. The adv an t ages claimed 52 p.3000] for mo delling and sim ulation in computational neuro- science er con en tional exp erimen tal tec hniques include: 1. Increased accessibil it to the consequences of complicated nonlinear brain systems with man in teracting comp onen ts. 2. The ossibilit of disco ering new phenomena comparing exp erimen tal results to the predictions of sim ulation, and using these predictions as the basis for the design of new exp erimen ts. 3. acilitating exp erimen ts (suc as selectiv lesioning or ablation of particular hannels, synapses, neurons or path ys) whic ould di�cult or ev en imp ossible to erform on living tissue. Practitioners of computational neuroscience emplo classes of brain mo del: al istic mo dels and simplifying mo dels; these are discussed in more detail elo w. Brie y simplifying mo dels are driv en primarily functional considerations, while realistic mo dels are motiv ated more signal measuremen ts and anatom In this sense, as Sejno wski et al. remark 52 p.1302], simplifying mo dels pro vide only the most general guidance as to what really happ ens in the brain, and there is no guaran t ee that realistic mo dels are not concen trating on asp ects of the signals that are irrelev an for information pro cessing. It is also imp ortan to realise that the classes of mo del represen the extreme oin ts of con tin uum: in practice, mo dels are lik ely to ha features of oth, and man di�eren yp es of mo del will required to span all lev els of the MacGregor-Lewis strati�cation: mo del of an in termediate lev el of organisation will necessarily simplify with resp ect to the structural prop erties of lo er lev el elemen ts, though it ough to try to incorp orate as man of that lev el’s functional prop erties as actually �gure in the higher lev el’s computational tasks." 52 p.1305]. 3.1 ealistic Mo dels realistic mo del consists of ery large scale sim ulation that tries to incorp orate as uc of the cellul ar detail as is ailable" 52 p.1300]. The realism of the mo del, while o�ering the adv an tag es listed ab e, also leads to some (p oten tial) eaknesses 52 p.1300]: 1. As more parameters and ariables are added to the mo del to increase its realism, the complexit of the mo del gro ws, and so there is an increasing danger of the sim ulated nerv ous system eing as orly understo as the real thing. an elegan but unnatural solution to problem of natural design." 14 p.65] This terminology is, assume, not mean to mask the requiremen of any orth w hile mo del that it simpli�es whatev er system is under study erhaps quite simple and extr emely simple ould more appropriate classi�cation there is sense in whic the eha viour of ariables at the upp er lev el is explained in terms of ariables at the lo er lev el. (2) Mo dels whic skip lev el are di�cult to test and generally lo in elie abili (3) Mo dels whic in terrelate ariables at single lev el are eak in predictiv er. (4) Mo dels whic relate ariables of sev eral strata are most broadly signi�can t." Neurosomet hing The recen excitemen in the cognitiv science and arti�cial in telligence comm unities ab out \neural" issues has een motiv ated um er of in terests, and consequen tly the terminology has not een dev elop ed in uniform manner. The �rst requiremen is to distinguish et een issues of science and issues of engineering. this end, imp ortan terms, computational neuroscience and neural engineerin g, are informally de�ned elo w. Computational Neur oscienc is the study of real brains or nerv ous systems as computa- tional systems, in the sense of represen ting, pro cessing, and storing information." 33 p.3]. Sejno wski and oggio de�ne it as: an approac to understanding the information con ten of neural signals mo delling the nerv ous system at man di�eren structural scales, includi ng the bioph ysical, the circuit, and the systems lev el." 53 Most often, this en tails mo delling the system under study on digital computer, but this is neither necessary nor su�cien condition for the study to within computational neuroscience: theoretical analysis using encil and pap er ma ell su�ce 33 p.4]. The term omputational neur obiolo gy p.186] is here tak en to ha meaning iden tical with omputational neur oscien ibid p.203]. The construction of in telligen systems and massiv ely parallel (�ne-grain) digital computers inspired principles found in naturally ccurring neural systems has een referred to as neur al omputing p.186] and neur al engine erin p.203]. In this pap er only the latter term will used. The most imp ortan feature that distinguishes neural engineering from computational neuroscience is that in neural engineering the emphasis is on buildi ng net ork of pro cessors whic maximises some ev aluation metric that is unconcerned with biological realit That is, neural engineerin aims to create artefacts whic satisfy constrain ts based on considerations of (e.g.) pro cessing sp eed, e�ciency space, cost, reliabili main tainabilit etc.: whether the resulting computational system could feasibly implemen ted real brain or nerv ous system is irrelev an t. Computational neuroscience and neural engineering are not utually exclusiv endea o urs: the sub jects ha di�eren goals. Nonetheless, they erlap and are utually stim ulat- ing." p.186]. Nev ertheless, the science/engineeri ng distinction is an imp ortan one: \Engineering is often based on science, but its aim is di�eren t. successful piece of engineering is mac hine whic do es something useful. Understanding the brain, on the other hand, is scien ti�c problem." 17 p.132]. This pap er is concerned only with science; not with engineering. In particular, it is concerned with the relationship of computational neuroscience to cognitiv science. It is not concerned with an attempts to create ‘in telligen t’ artefacts whose primary design constrain ts ignore biological or psyc hological realit Suc artefacts are part of the domain of arti�cial in telligence ai ), and for the purp oses of this pap er cognitiv science and ai will considered as distinct discipl in es. the fruits of computational neuro ethology sim ulations are more \hard" ob jectiv measuremen ts than \soft" sub jectiv ones. metatheoretical lev el, it is argued that the computational net ork sim ulation of cognitiv pro cessing should pa uc more atten tion to the ev olutionary history of those faculties it wishes to replicate. In particular, conclusion of this pap er is that the study of linguisti pro cesses using net or mo dels is wildly premature. As the reader will probably already ha detected, this pap er is in ten tionally olemic. It is aimed at an in terdisciplin ary audience, and the author is no olymath: some of the informal de�nitions of terms ma found an ting, and there migh some holes in the argumen t. or that reason, this pap er is o�ered as pro visional manifesto in the hop that it pro ok es some in teresting discussion. The argumen is based on previous ork um er of authors. Because of its disputatious nature, there are more direct quotes in this pap er than is common. Where the quotes are not felicitous, they are used ecause to paraphrase is to in vite harges of distortion. Nev ertheless, there is no den ying that this is sele ctive review of the literature. The pap er op ens with discussion of computational neuroscience, distinguishin it from neural engineering, and iden tifying the classes of mo del: realistic and simplifying. ollo w- ing this, the connectionist paradigm is brie y summarised. Next, criticisms of connectionism are discussed, with particular atten tion to the argumen that connectionist mo dels ha no se- man t ic grounding without sensorimotor system. ollo wing this, remedy to suc ob jections is prop osed: the adoption of the computational neuro ethology approac h. Computational neu- ro ethology is de�ned, and sp eci�c approac to pro viding eha vioural link age is discussed. This approac has some imp ortan implic ations for future researc h, the most signi�can of whic is that it encourages an ev olutionary approac to understanding in telligence; an argumen ro oted in previous ork among others, Ho yle and Bro oks. 1.1 The MacGregor- ewis Strati�cation The discussion in this pap er emplo ys the MacGregor-Lewis strati�cation of neuroscience. This is simple taxonom of lev els of analysis. The lev els of the strati�cation 39 p.8] are listed elo w. Computational neuroscience theory aims mainly at linki ng lev els and D. Beha viour, exp erience consciousness. (Direct observ ations.) Theoretical inferred constructs. (Sup erego, id, driv es, cognitiv maps, cell assem blies, statistical con�gurations.) Electrical signals. (Field oten tials, spik trains, generator oten tials.) Mem brane conductance mo dulations. (Synaptic conductances, activ dendritic conductances, action oten tial conductances.) Molecular and hemical pro cesses. (Chemical synaptic transmission, gating pro cesses.) As MacGregor 39 p.8] notes: \Sev eral principl es concerning mo delling are suggested this strati�cation of ariables. (1) Mo dels whic relate ariables of adjacen strata are the most erful; Use of this strati�cation should not tak en as absolute endorsemen of it. It is merely con enien taxonom for the purp oses of this pap er: it could impro ed. In particula r, lev el seems so broad as to un wieldy think that lev el could usefully divided in to: D1 (Biologi cal inferred constructs); and D2 (Psyc hological inferred constructs). tro uction This pap er is concerned with approac hes to computational mo dellin of the neural mec hanisms underlying eha viour. It examines the relationship et een computational neuroscience (e.g. 52 34 ]) and that st yle of mo dellin opularly referred to as \connectionism", \parallel distributed pro cessing" pdp ), or \neural net orks" whic has recen tly een sub ject to renew ed atten tion in the �elds of cognitiv science and arti�cial in telligence (see e.g. 50 42 ]). Connectionist mo dels are haracterised their simpli�ed nature and concomitan inatten- tion to biological data, and it is argued here that suc \simplifying" computational neuroscience has serious inadequacies. di�eren approac is suggested whic pa ys far more atten tion to the sensorimotor system and hence to eha vioural in teractions with the external en vironmen t. This approac in olv es computational mo delling of the neural mec hanisms underlying eha viour, in manner akin to that used in connectionism. Meaning is supplied to the mo dels em ed- ding them in sim ulated en vironmen ts whic close the external feedbac lo op from motor output to sensory input. That is, they supply sensory feedbac without uman in terv en t ion. Suc an analysis of eha viour as pro duct of neural activit is prop erly the domain of the �eld of neuro ethology and the new approac is therefore referred to as \computational neuro ethology". The adv an tage of computational neuro ethology is that the seman tics of the net o rk are ell grounded, and th us results are generated observ ation rather than in terpretation. That is, In this pap er, these three terms will treated as synon ymous, and referred to collectiv ely as \connectioni st" mo dels. This form of connectioni sm di ers from the st yle of neuro etholo gy researc sometimes referred to as connectionism (e.g. 21 p. 7]). Computational Neuro ethology: Pro visional Manifesto D. T. Cli� Ma 1990 Co gnitive Scienc ese ar ch Pap er Serial No. CSRP 162 The Univ e rsit of Sussex Sc ho ol of Cognitiv and Computing Sciences alm er Brighton BN1 9QN England, U.K.