Automatic So ccer Commen tary and Rob oCup Hitoshi Matsubara Ian F rank Kumik o T anak a-Ishii Itsuki No da Hideyuki Nak ashima K^ oiti Hasida Complex Games Lab, Language Learning Lab Electrotec hnical Lab oratory (ETL) Umezono 1-1-4, Tsukuba Ibaraki, Japan 305 Abstract. This pap er suggests that automated so ccer commen tary has a k ey role to pla y within the o v erall Rob oCup initiativ e. Firstly , w e iden- tify so ccer commen tary as allo wing and requiring in v estigation of a wide v ariet y of researc h topics, man y of whic h could not b e addressed b y the simple dev elopmen t of teams for the Rob oCup leagues themselv es. Sec- ondly , w e highligh t a k ey task of so ccer commen tary: the exp ert analysis of a game. W e suggest that this exp ert analysis task has the p oten tial to mak e a signi�can t impact on Rob oCup c hallenges suc h as learning, team w ork, and opp onen t mo deling. W e illustrate our argumen ts b y dis- cussing the progress on so ccer commen tary systems to date, in particular reviewing our o wn system, Mike . 1 In tro duction In real-life, commen tary adds so m uc h to the co v erage of fo otball that no TV compan y w ould con template screening a game without it. Indeed, sometimes the commen tary itself is just as memorable as the scenes it describ es (for example, the w ell-kno wn \They think it’s all o v er... It is no w!" as Geo� Hurst scored in the dying seconds of extra time in the 1966 W orld Cup �nal, and the less w ell-kno wn but equally notew orth y \17 min utes gone and already no goals!" [Jones 96]). A t the �rst Rob oCup tournamen t in Japan, ho w ev er, the quan tit y of matc hes made it impractical to recruit h uman v olun teers to describ e all the games. Since Rob oCup also do es not (y et) generate cro wd noise comparable to that of real so ccer, it w as therefore common to hear the commen t that some games seemed ‘ at’. It w as to �ll this gap, and to pro vide extra atmosphere, in terest and con text for Rob oCup games that w e originally started to dev elop our automatic commen tary system, Mike (Multi-agen t In teractions Kno wledgeably Explained). This system, whic h pro duces text or sp ok en commen tary from the output of the So ccer Serv er [No da et al 98], w as �rst used to commen tate public games at the Japan Op en in April 1998, and will b e used again in P aris this y ear to pro vide commen tary for the second Rob oCup con test. W e b eliev e, ho w ev er, that automated so ccer commen tary has a far greater role to pla y within the o v erall Rob oCup initiativ e than simply adding atmo- sphere. In this pap er w e clarify this role b y suggesting that so ccer commen- tary allo ws for the in v estigation of a n um b er of researc h topics that are outside the scop e of the original Rob oCup c hallenges. Also, within the framew ork of Rob oCup itself, w e iden tify ho w a k ey task of so ccer commen tary | the exp ert analysis of games | has the p oten tial to mak e a signi�can t impact on existing Rob oCup c hallenges suc h as learning, team w ork, and opp onen t mo deling. W e demonstrate these p oin ts b y examining the w ork to date on automatic com- men tary systems. W e fo cus on our o wn system Mike , but also review systems pro duced b y others. W e hop e that our summary of exp ert analysis tec hniques, in particular, will b e of general in terest to a wide v ariet y of researc hers in v olv ed in Rob oCup. W e ourselv es iden tify a n um b er of sp eci�c tasks for whic h suc h tec hniques should b e indisp ensable. 2 Wh y So ccer Commen tary? One of the strengths of Rob oCup is its abilit y to attract researc hers from man y di�eren t domains. F or example, [Kitano et al 97a] discusses ho w a large n um b er of tec hnologies need to b e in tegrated to pro duce successful Rob oCup teams. In the same v ein, w e see so ccer commen tary as pro viding c hallenges of its o wn. Let us illustrate this b y examining the researc h topics in v olv ed in generating con vincing game descriptions: { Natural language generation . The generation of text or sp eec h is the most ob vious asp ect of so ccer commen tary . The time-critical nature of the domain forces real-time decisions ab out what to utter, when the curren t commen tary w ould b e b etter in terrupted b y a new description, and ho w to main tain o v erall coherency . { Understanding of m ulti-agen t systems . T o describ e so ccer it is neces- sary to understand ho w the m ultiple pla y ers in teract. This understanding can b e pursued on n umerous lev els, suc h as the recognition of lo w-lev el tactics or of high-lev el strategy , the follo wing of a fo cus p oin t (suc h as the ball), the analysis of the territories established b y the pla y ers, or b y a general analysis of the nature of team w ork. Note that the attribution of pla y er intentions is also an issue here. { Mac hine vision . F or the rob otic leagues (as for real-life so ccer commen- tary), vision and image understanding is critical. { Presen tation tec hniques . Commen tary is not necessarily restricted to nat- ural language, but ma y also include the generation of repla ys to highligh t in teresting ev en ts, the incorp oration of the visual displa y of statistics or graphs, and the sup erimp osition of graphics on the screen to highligh t in ter- esting (or ev en up coming) ev en ts. { Re-use of stored kno wledge and exp eriences . Man y of the commen ts made b y real-life announcers add con text to a game b y reviewing the past p erformances of a team and its pla y ers, or (in tournamen ts or league promo- tion/demotion situations) analyzing the consequences of the p ossible game results for eac h team. Also, past exp erience is often brough t to b ear to iden- tify situations (goals, comebac ks, sendings-o� ) similar to the curren t one, and ma y ev en b e used to mak e predictions (\Shearer scored from this p osi- tion last w eek end..."). { Rules of comm unication . Dep ending on what the audience is assumed to kno w the appropriate commen tary will c hange. F or example, the English expression \Bac k to square one" comes from the early da ys of radio fo ot- ball commen tary when listeners follo w ed the game using a template of a fo otball pitc h divided in to n um b ered regions: the square n um b ered one w as the cen ter sp ot. The exibilit y to commen tate for di�eren t audiences allo ws in v estigation of issues suc h as Grice’s co op erativ e principles of con v ersation [Grice 75] ( e.g. , the maxim of quan tit y , that y our con tribution should b e no more and no less informativ e than is required). Rules of comm unication b ecome esp ecially signi�can t if a commen tary te am is b eing mo deled, for example with an announcer follo wing the ball-b y-ball action and an exp ert pro viding higher-lev el analysis. { Incorp oration of emotion . So ccer commen tary o�ers plen tiful opp ortu- nities for studying the expression of emotion in language. Meaning (and emotion) can b e expressed in sp eec h through proso dy (the phrasing and the tones used for sp eec h), and ev en via c hanges in v o cabulary . F urther, the e�ects of the natural bias of a commen tator (in fa v or of teams from one coun try , of certain st yles of pla y , or in supp ort of the underdogs) can also b e studied. { F o cusing the complex . Humans w atc hing a game of so ccer can view it as a single pro cess. Ho w ev er, at an y one time, the individual pla y ers in v olv ed will giv e rise to man y p ossible fo cus p oin ts, b oth for the game itself and for a commen tary . This in teraction b et w een a medium-sized n um b er of adap- tiv e agen ts meets the criteria of a complex, adaptiv e system describ ed, for example, b y [Casti 97]. As y et, there are no go o d mathematical theories for understanding the o v erall b eha vior of suc h systems. Note that a signi�can t prop ortion of the topics listed here are not addressed b y simply dev eloping teams for the Rob oCup leagues themselv es. Th us, w e view the c hallenge of automated so ccer commen tary as extending the scop e of the Rob oCup goals. In fact, w e additionally b eliev e that researc h on commen tary systems also has the p oten tial to mak e a signi�can t impact on the original goals of the Rob oCup pro ject. F or instance, the 1997 Rob oCup Syn thetic Agen t Chal- lenge [Kitano et al 97b] presen ts three sp eci�c c hallenges for Rob oCup researc h: { Learning . The learning of individual agen ts and teams. { T eam w ork . Multi-agen t team planning and plan execution in service of team w ork. { Opp onen t Mo deling . On-line trac king of opp onen ts’ aims, on-line strategy recognition, and o�-line review. W e mak e the observ ation that the automatic pro duction of exp ert analysis of so ccer pla y can directly facilitate eac h of these c hallenges. This is illustrated in Figure 1. The exp ert analysis mo dule in this �gure is an automatic system

Fig. 1. P ossible uses of an exp ert analysis mo dule that analyzes lo w-lev el ev en ts in a so ccer game to pro duce an assessmen t of eac h team’s pla ying st yle, tactics, strengths and w eaknesses. W e en visage the results of suc h analysis then b eing used for tasks suc h as: { Informing a commen tary system. This is our main fo cus in the curren t pa- p er. Con vincing commen tary is probably not ac hiev able without an exp ert analysis mo dule. { Opp onen t Mo deling. This addresses one of the main Rob oCup c hallenges | ho w a team should mo dify their pla y to deal with a particular opp onen t. Clearly , analyzing and understanding the opp onen ts’ pla y is a critical step in this pro cess. { Learning feedbac k. Another of the Rob oCup c hallenges is learning. The ‘credit-assignmen t problem’ p oses a serious barrier to automated learning tec hniques, ho w ev er, since the n um b er of goals scored b y a team is only a rough indicator of ho w w ell it actually pla ys. An e�ectiv e exp ert analysis mo dule will mak e the use of learning tec hniques more e�cien t. { Matc h analysis. An exp ert analysis mo dule will also enable further in terest- ing applications, suc h as p ost-game (or half-time) analysis. The abilit y to select highligh ts from a game and to demonstrate the strengths and w eak- nesses of eac h team (suggesting ho w a game w as w on and lost, and allo wing the easy creation of game digests) will add to the in terest in Rob oCup com- p etitions. This list is only a broad c haracterization of the p ossible uses for exp ert anal- ysis. Ho w ev er, w e b eliev e it demonstrates that an exp ert analysis mo dule | in addition to b eing an in tegral part of a commen tary system | directly enables w ork on the Rob oCup learning, opp onen t mo deling, and team w ork c hallenges describ ed ab o v e. In our o wn w ork on the Mike system, w e ha v e addressed some of the problems in v olv ed in pro ducing suc h a mo dule. In the follo wing sections, w e describ e the analysis tec hniques w e ha v e dev elop ed, and also outline ho w their output is com bined together within the framew ork of a coheren t commen tary . 3 Mike | A Commen tator System F or So ccer Serv er Although commen tary systems can b e en visaged for an y of the Rob oCup leagues, the Mike system concen trates on just the sim ulation tournamen t. This is partly b ecause, with curren t tec hnology , teams in the sim ulator league pro duce more ‘so ccer-lik e’ pla y than those in the rob ot leagues, and also partly b ecause of the lev el of detail pro vided b y the sim ulator. 3.1 Mike ’s Input and Output Games in Rob oCup’s sim ulator league are conducted using the So ccer Serv er [No da et al 98]. In this sim ulation, the so ccer �eld and all ob jects on it are 2- dimensional so that, unlik e in real fo otball, the ball cannot b e kic k ed in the air and the pla y ers cannot mak e use of skills suc h as heading or v olleying. The So c- cer Serv er pro vides a real-time game log of a v ery high qualit y , sending detailed information on the p ositions of the pla y ers and the ball to a monitoring program ev ery 100ms. Sp eci�cally , this information consists of: pla y er lo cation and orien- tation (for all pla y ers), ball lo cation, and the game score and pla y mo des (suc h as thro w-ins, goal kic ks, etc ). F rom the So ccer Serv er input, Mike creates a commen tary that can consist of an y com bination of the p ossible rep ertoire of remarks sho wn in Figure 2. Cur- ren tly , this output is pro duced with the simple mec hanism of template matc hing, con v erting the system’s in ternal language in to appropriate expressions in either { Explanation of complex ev en ts . F ormation c hanges, p osition c hange, and adv anced pla ys. { Ev aluation of team pla y . Av erage formations, formations at a certain momen t, pla y er lo cations, indication of activ e or problematic pla y ers, winning passw ork patterns, w asteful mo v emen ts. { Suggestions for impro ving pla y . Lo ose defense areas, b etter lo cations for inactiv e pla y ers, and ‘should-ha v e’ commen ts ab out failed passes. { Predictions . Prediction of passes and shots at goal. Also, prediction of game result b y comparing team p erformance metrics against statistics compiled from a database of pla y ed matc hes. { Set pieces . Goal kic ks, thro w ins, kic k o�s, corner kic ks, and free kic ks. { P assw ork . Basic trac king of the ball-b y-ball pla y . Fig. 2. Mike ’s commen tary rep ertoire

English, Japanese or F renc h. T o reduce rep etition, this matc hing pro cess is non- deterministic, and sev eral templates are a v ailable for eac h decision. An example of Mike ’s English language commen tary migh t b e \In terception b y the Y ello w- T eam,... Y ello w10 sho ots!... Red4,... Y ello w11’s shot!... The Y ello w-T eam’s 7th goal!! 7 to 0! Another goal b y Y ello w11!" Mike also uses o�-the-shelf text-to- sp eec h pac k ages to pro duce sp ok en commen tary . 3.2 Summary of Mike ’s Ov erall Structure Mike ’s design is describ ed in detail in [T anak a-Ishii et al 98b]. Here, w e there- fore giv e just a brief o v erview b y presen ting Figure 3. In this �gure, the rectan- gles represen t data and the o v als represen t pro cesses, whic h run concurren tly , carrying out the follo wing tasks: { Comm unicator . Receiv es log data from the So ccer Serv er ev ery 100ms and writes it in to shared memory . { So ccer Analyzer Mo dules . There are six So ccer Analyzers, of whic h three analyze basic ev en ts (sho wn in the �gure as the ‘Basic’, ‘T ec hniques’, and ‘Sho ot’ pro cesses), and three carry out more high-lev el analysis (sho wn as the ‘Bigram’, ‘V oronoi’, and ‘Statistic’ pro cesses). These six pro cesses ana- lyze the information p osted to the shared memory b y the Comm unicator, comm unicate with eac h other via the shared memory , and also p ost pr op o- sitions to the prop osition p o ol. Prop ositions are Mike ’s in ternal represen- Fig. 3. Mike ’s structure tation of commen tary fragmen ts, and consist of a tag accompanied b y some attributes. F or example, a kic k b y pla y er No.5 is represen ted as (Kick 5) , where Kick is the tag and 5 is the attribute. In total, Mike has ab out 80 di�eren t kinds of prop ositions. Ev ery prop osition p osted to the p o ol is also giv en an imp ortanc e v alue b y the Analyzer that generated it. The imp or- tance of a prop osition decreases with time un til it reac hes zero, when it is deleted from the prop osition p o ol without ha ving b een uttered. { Inference Engine . A collection of o v er 50 forw ard c haining inference rules that iden tify relations b et w een prop ositions in the p o ol. Successful �ring of a rule ma y add new prop ositions (logical consequences), c hange the imp ortance v alues of existing prop ositions (logical subsumption or iden ti�cation of state c hange), or iden tify relations b et w een t w o or more prop ositions (second-order relations). { Natural Language Generator . Selects the prop osition from the prop osi- tion p o ol that b est �ts the curren t state of the game (considering b oth the situation on the �eld, the imp ortance v alues of the a v ailable prop ositions, and the commen tary curren tly b eing made). T ranslates the prop osition in to natural language, using pattern-matc hing. { T ext-T o-Sp eec h Administrator . Sync hronizes the Natural Language Gen- erator’s output with a text-to-sp eec h soft w are program. The primary researc h goals in dev eloping Mike ha v e b een to in v estigate the automatic analysis of m ulti-agen t systems, and to study the task of natural language generation in a fast-mo ving, real-time domain. F or a detailed discussion of the natural language issues in v olv ed (suc h as in terruption con trol), readers are referred to [T anak a-Ishii et al 98a]. In this pap er, w e will concen trate on the cen tral theme iden ti�ed in x 2: the generation of exp ert so ccer analysis. 4 Exp ert Analysis of So ccer Within Mike In Mike , the w orkings of the m ulti-agen t system that is so ccer are trac k ed and in terpreted b y six So ccer Analyzers. Three of these Analyzers are v ery lo w- lev el, ‘ev en t-based’ mo dules that iden tify individual inciden ts on the �eld. These are the ‘Basic’ mo dule, whic h iden ti�es simple ev en ts suc h as ordinary kic ks, the ‘T ec hniques’ mo dule, whic h iden ti�es passes, dribbles, in terceptions, one- t w o passes, and through passes (all de�ned in terms of patterns of successiv e kic ks), and the ‘Sho ot’ mo dule, whic h details shots and goals. The remaining three Analyzers are more high-lev el ‘state-based’ mo dules that k eep trac k of and in terpret accum ulated ev en ts on the �eld of pla y . It is these that pro vide the exp ert analysis of a game. 4.1 Simple Statistics Ev en basic statistics can b e v ery useful for in terpreting a game and assessing the p erformance of teams. Mike ’s Statistics Analyzer is resp onsible for main taining the follo wing �gures:

{ Eac h pla y er’s a v erage lo cation and its v ariance. F or example, Figure 4 sho ws the a v erage p ositions of the pla y ers in the �rst half of the Rob oCup’97 W orld Cup Final held in Nago y a, Japan (pla y ers n um b ered from 1 to 11 pla y left to righ t, and those n um b ered 12 to 22 pla y righ t to left). Suc h analysis is used b y Mike to mak e simple guesses ab out the roles eac h pla y er is taking. Fig. 4. Av erage p ositions of pla y ers in the Rob oCup’97 �nal { The a v erage p osition of al l of a team’s pla y ers tak en as a whole (and its v ariance), expressed as a distance (p ositiv e or negativ e) past the cen terline. This �gure indicates whether a team fa v ors defense or attac k. (Note that the a v erage p osition of a team ma y also v ary to w ards the left or righ t wing.) { Av erage p osition of ball. Again, expressed as a distance past the cen terline. { The a v erage duration of eac h team’s p ossession sp ells, and eac h team’s o v er- all p ercen tage share of the p ossession. { Num b er of free kic ks and corners tak en b y eac h team. { Av erage pass distance (for eac h team). { Av erage length of ball-pla y c hains (for eac h team). Muc h information on passing (suc h as the n um b er of successful passes, the n um b er of successful steals, or the length of pass sequences) is absen t from this list. This is b ecause, for Mike , suc h information is the resp onsibilit y of the Bigrams Analyzer. 4.2 Analysis Based on Ball-pla y Chains (Bigrams) In Mike , ball-pla y c hains are regarded as �rst-order Mark o v pro cesses. Matrices represen ting these pro cesses are automatically main tained b y Mike and used to describ e the activit y of eac h pla y er. These 24 � 24 matrices (22 pla y ers and 2 goals) are referred to as p ass bigr ams , and record the numb ers of eac h p ossible ball transition. As an example, consider T able 1, whic h sho ws the pass distribution and reception bigrams pro duced b y Mike for part of a real game (again, the �rst half of the Rob oCup’97 W orld Cup Final). Only those transitions o ccurring more than once, plus all goals, are included in a bigram. In our examples, the left column sho ws the c hampion team, Hum b oldt, whose pla y ers are n um b ered from 1 to 11, and the righ t column sho ws Andhill, whose pla y ers are n um b ered 12 to 22. The letter ‘G’ denotes the scoring of a goal. T ransitions in v olving giving the ball to an opp onen t are mark ed with a ‘+’ sign. Mike can use these bigrams to in terpret wh y Hum b oldt outp erform Andhill. Of course, Hum b oldt scored sev en goals, whereas Andhill scored none, but more than this, Mike can assess the di�erence in the passing abilities of the teams b y comparing the n um b er of transitions mark ed with a ‘+’ sign. Also, pla ymak ers can b e iden ti�ed. F or example, pla y er No.7 (who can b e seen to b e a mid�elder from analysis of Figure 4), successfully passes to pla y ers No.11 and No.10 (for- w ards), and ev en scores a goal himself. The main goalscorer, Pla y er No.11, scored four times ev en though Figure 4 suggests he could ha v e b een mark ed b y pla y ers No.14 and No.15. On the other hand, Andhill did not score an y goals despite T able 1. Rob oCup’97 �nal: ball-pla y transitions represen ted as bigrams P ass Distribution Hum b oldt Andhill from to freq from to freq 2 4 2 +12 10 4 3 5 2 +12 11 3 5 8 2 +13 5 4 +5 19 2 +13 6 4 6 7 3 +13 7 3 +6 18 2 13 14 2 7 8 2 +14 6 2 7 10 2 +14 7 2 7 11 3 +14 10 5 +7 18 2 +15 7 2 +7 20 2 +15 11 2 7 G 1 15 14 2 8 10 2 16 14 3 +8 12 2 +17 7 2 +8 14 3 19 13 3 8 G 1 +20 4 2 10 8 2 +21 5 3 +10 12 5 +10 15 3 +10 16 3 10 G 1 +11 12 3 +11 15 3 11 G 4 P ass Reception Hum b oldt Andhill to from freq to from freq 4 2 2 +12 10 5 +4 20 2 +12 11 3 +5 13 4 +12 8 2 +5 21 3 13 19 3 5 3 2 14 13 2 +6 13 4 14 15 2 +6 14 2 14 16 3 +7 13 3 +14 8 3 +7 14 2 +15 10 3 +7 15 2 +15 11 3 +7 17 2 +16 10 3 7 6 3 +18 6 2 8 10 2 +18 7 2 8 5 2 +19 5 2 8 7 2 +20 7 2 +10 12 4 +10 14 5 10 7 2 10 8 2 +11 12 3 +11 15 2 p11 7 3 the ball reac hing pla y er No.21, whic h Figure 4 iden ti�es as a forw ard. Pla y ers No.12, 13, 14, 15, 20, and 21 often giv e the ball to the opp onen ts, so they are either sev erely mark ed, or just v ery bad at passing. T o help in terpret the information in a bigram, Mike in tro duces the notion of a winning p asswork p attern . This is de�ned as an y c hain of three pla y ers from the same team A , B , C , suc h that b oth the transition from A to B and the transition from B to C app ear in the bigram, and C scores at least one goal. In the example of T able 1, Hum b oldt has six winning passw ork patterns and Andhill ha v e none, as they failed to score an y goals. An example winning passw ork pattern is from Pla y er No.6 to No.7 to No.11. Mike uses winning passw ork patterns to predict passw ork and shots on goal during a game. 4.3 Analysis Based on V oronoi Diagrams T o analyze the area of in uence of eac h pla y er, Mike divides the �eld of pla y in to V or onoi r e gions . These regions are tec hnically de�ned in terms of a set of n p oin ts (or sites ) in a plane. Giv en suc h a set of sites, the V oronoi region asso ciated with site p is the lo cus of all p oin ts in the plane closer to p than to an y of the other n � 1 sites. A graphical rendering of the b orders of the V oronoi regions for a giv en set of sites is kno wn as the V oronoi diagram for that set. In Mike , suc h diagrams are calculated for eac h team b y using the team’s pla y ers as sites. T o do this e�cien tly , the tec hnique of [Oishi & Sugihara 95] is used, whic h has a cost of O ( n ) on a v erage, and O ( n 2 ) at w orst. This tec hnique allo ws Mike to calculate complete diagrams for eac h team ev ery sim ulation cycle (100ms). Using V oronoi diagrams, Mike can determine the defensiv e areas co v ered b y pla y ers and also assess o v erall p ositioning. As an example, Figure 5 sho ws the V oronoi diagram of a momen t from the �rst half of the Rob oCup’97 �nal. Hum b oldt’s pla y ers are represen ted b y a ‘+’ sign, Andhill’s pla y ers b y a ‘ 3 ’ { , and the ball b y a ‘ 2 ’ { . In this �gure, the p ositions of Hum b oldt’s No.7 and No.10 ha v e also b een mark ed. W e ha v e already seen ho w Mike can use bigrams to iden tify Hum b oldt’s No.7 as a pla ymak er. No w w e see that at the instan t depicted b y the V oronoi diagram, No.7 is close to the meeting p oin t of a n um b er of the opp onen t’s V oronoi regions, and is th us as far as p ossible from the neigh b oring Andhill pla y ers. Also, No.10 has an excellen t c hance to sho ot at goal: there are no opp onen ts near him and he has the ball. F urther, righ t in fron t of the left goal, Hum b oldt has created a triangular V oronoi region. As the a v erage shap e of V oronoi regions is hexagonal, this area demonstrates Hum b oldt’s tigh t defense. Note that [T aki et al 96] ha v e prop osed a metho d of calculating pla y ers’ areas of in uence that tak es in to accoun t eac h pla y er’s curren t sp eed and orien tation. This mo del generates defensiv e b orders in the form of higher-ordered curv es. In Mike , ho w ev er, the sp eed and orien tation of a pla y er are tak en in to consideration via a simple y et v ery e�ectiv e short-cut: b efore calculating the V oronoi regions for a team’s pla y ers, the lo cation of the sites is mo di�ed b y displacing eac h pla y er in the direction they are curren tly facing, for a distance prop ortional to their curren t sp eed.

Fig. 5. V oronoi diagram (Rob oCup’97 �nal) 4.4 Re-use of Stored Game Logs T o demonstrate the general applicabilit y of Mike ’s analyses, w e pro cessed the logs of the 26 games from the 1998 Japan Op en tournamen t (the tournamen t conducted with the v ersion of So ccer Serv er most similar to the one that will b e used for the 1998 Rob oCup in P aris). T o iden tify the statistics most useful for highligh ting di�erences b et w een teams, w e collected �gures separately for the winners and losers of eac h half of eac h game (lo oking at halfs of games reduces the n um b er of dra ws, and therefore also reduces the amoun t of data that is discarded). The results, sho wn in T able 2, demonstrate that, with the exception of the n um b er of steals and the n um b er of corners, man y of the statistics ha v e T able 2. Av erage statistics, non-dra wn games from the Japan Op en 1998 Winners Losers Goals 5.3 0.8 Shots 16.1 12.9 Av erage distance of a team’s pla y ers past cen terline (m) -3.91 -10.84 Av erage n um b er of pla y ers in ball-pla y c hains 2.1 1.8 T otal successful passes 16.45 10.36 T otal n um b er of dribbles 1.7 0.6 T otal successful steals 17.6 22.9 T otal winning passw ork patterns 0.31 0 Num b er of corners tak en b y eac h team 0.23 0.13 go o d predictiv e v alue for iden tifying the stronger team. In the case of corners, the lo w v alues are explained b y the nature of collisions in the sim ulator; rather than calculating de ections, the So ccer Serv er simply stops mo ving ob jects when their paths cross. Base v alues suc h as those in T able 2 are emplo y ed b y Mike for predicting whic h team is lik ely to win a game. This is a simple example of ho w the re-use of stored kno wledge, as men tioned in x 2, can b e applied to analyze games in real-time. 5 Related Systems T o date, there has b een only limited researc h on automatically analyzing so ccer. In terms of exp ert analysis tec hniques, the main driv e for progress has b een in commercial systems to assist professional coac hes. Academic researc h on so ccer commen tary has also b een carried out, ho w ev er, fo cusing on the m ultimedia presen tation of visual data and the incremen tal recognition of ev en ts. 5.1 Second Look A comprehensiv e commercial pac k age for analyzing fo otball games is Second Look , a system that enables users to pro duce detailed statistical analyses. Sec- ond Look has b een dev elop ed b y Zvi F riedman, an in ternational so ccer coac h, and Jon Kotas, a computer programmer, who founded a compan y in 1993 to mark et their pro duct. On their W eb pages [Sof] they claim to pro vide services for the American Ma jor League So ccer (MLS), the Europ ean so ccer �nals in England, and to ha v e pro vided the W omen’s Olympics So ccer T eam with anal- ysis of their opp onen ts at the 1996 Olympics Games. A 1997 job adv ert found on the In ternet also suggests that Manc hester United ma y also no w b e making use of their system ( http://www.umist.ac.uk/INDEX ONE/softsport.html ). Second Look requires a user to input a game b y sequen tially recording the p osition on the pitc h of eac h kic k of the ball, and also the pla y er in p ossession. This restriction to individual kic ks facilitates the pro cess of data en try , since the p ositions of the remaining pla y ers (who don’t ha v e the ball) do not ha v e to b e sp eci�ed. The user-en tered data is pro cessed to automatically generate graphics, c harts and detailed pitc h diagrams that analyze the game. In the previous section w e ha v e already describ ed the exp ert analysis capabilities of Mike . No w w e can extend the list of p ossible so ccer analyses b y summarizing the further game in terpretations suggested b y Second Look . { P ass bigrams . Lik e Mike , Second Look main tains pass bigrams, but adds the option of displa ying these bigrams for individual pla y ers rather than for a whole team. This emphasis on individual pla y ers is rep eated in man y of Second Look ’s analyses. F or example, the n um b er of di�eren t pla y ers that eac h team mem b er manages to pass to is compared. Also, eac h pla y er’s passing success rate and ball p ossession time is main tained separately (and compared to a database giving statistics collected o v er man y matc hes for defenders, mid�elders, attac k ers and goalk eep ers). { Shots on goal . Ho w man y shots do es eac h pla y er mak e? Second Look also analyses what prop ortion of a team’s shots come from defenders, attac k- ers, or mid�elders, and where a team’s shots come from on the �eld. In the latter case, a graphical displa y can b e particularly rev ealing, indicating for example whether a team fa v ors a particular side of the �eld, or close-range or long distance strik es (an example of this analysis is sho wn in Figure 6). Note that iden tifying a ‘shot’ is not a straigh tforw ard task for automated systems, since it in v olv es reasoning ab out pla y ers in ten tions. In Mike ’s bi- grams, for instance, shots are not recorded unless they pro duce goals or go to the opp osing k eep er. { Impact passes . Second Look in tro duces this useful concept, de�ned as all those passes made b y a team in a series that results in a shot on goal. A graphic displa ying all the c hains of impact passes can rev eal information suc h as ‘all pla ys started from the righ t-hand side of the Mexican attac k’. F or real so ccer, suc h pass c hains are also kno wn to often displa y directional c hanges. A shot or a goal is also coun ted as an impact pass. { Completed passes . A completed pass is a pass b et w een t w o pla y ers of the same team. Completed passes can b e displa y ed on a pitc h diagram for individual pla y ers or for an en tire team. Analyzing these diagrams can lead to analysis suc h as whic h side of the pitc h a team is fa v oring: ‘the Mexican Fig. 6. Example screenshot from Second Look , sho wing all the shots on goal tak en b y Italy (left to righ t) and England (righ t to left) in their �rst W orld Cup quali�er in 1996. This image is repro duced b y kind p ermission of SoftSp ort Inc.

team had a de�nite strategic shift to the left side of the Brazilian defense’. The n um b er of completed passes within the opp onen t’s third of the pitc h (and in the p enalt y area) are also indicators of attac king strength. F urther useful statistics to main tain are the p ercen tage of eac h pla y er’s passes that are forw ard, and whether the passes receiv ed b y attac k ers are long or short. { T urno v er analysis . Second Look monitors where the ma jorit y of the c hanges in p ossession o ccur. { Range . Second Look can also pro duce a pitc h diagram displa ying ev- ery lo cation that a pla y er touc hed (kic k ed) the ball. This is v ery useful for examining ho w m uc h of the pitc h is co v ered b y eac h pla y er. { Corner kic ks . Ho w man y corner kic ks did eac h pla y er force? This is harder than simply coun ting the corner kic ks tak en b y eac h team, since automati- cally iden tifying the pla y er forcing the kic k ma y not b e trivial. All the statistics pro duced b y Second Look should b e repro ducible in the Rob oCup en vironmen t. In fact, the lev el of information in the logs of the So ccer Serv er should pro vide ev en more opp ortunities for analysis (and also mak e the task of analysis still more c hallenging). As a �rst step, w e plan to com bine the Mike and the Second Look exp ert analysis tec hniques describ ed in this pap er in to a single program for automatically analyzing So ccer Serv er games. As w e stated in x 2, w e b eliev e that suc h a resource will b e a p o w erful to ol for researc hers w orking on Rob oCup. 5.2 Soccer and R occo In terms of academic researc h on automated so ccer commen tary , w e are a w are of only one other pro ject: the Soccer system describ ed in [Andr � e et al 88] (and more recen tly in [Andr � e et al 94]). Ho w ev er, this system addresses a n um b er of the researc h issues w e iden ti�ed in x 2. F or instance, the original v ersion of Soccer tac kles mac hine vision and scene in terpretation problems b y using ge- ometric al sc ene descriptions [Neumann 89] to in terpret short sections of video recordings of real so ccer games. It also emplo ys m ultimedia presen tation tec h- niques to com bine text, graphics and video in its presen tations of these record- ings. An up dated v ersion of Soccer , called R occo , is b eing designed sp eci�cally for Rob oCup, and is to b e describ ed in the pro ceedings of the 1997 Rob oCup w orkshop (not y et in prin t at the time of writing this pap er). Both R occo and Soccer tac kle the problem of incremen tal recognition of ev en ts, dev eloping a mo del that allo ws the initiation of ev en ts to b e recognized and commen ted up on b efore the ev en t is actually completed. F or the task of sim ultaneous description, Soccer has a con trol lo op that selects ev en ts according to their topic ality , where topicalit y is determined b y the salience of an ev en t and the time that has passed since its o ccurrence | a similar notion to the imp ortance v alues used b y Mike . Ho w ev er, in Soccer it seems that inferences are not used to iden tify higher-lev el, state-based explanations. Mike not only do es this, but also uses its imp ortance v alues to guide its handling of natural language issues suc h as in terruption, abbreviation and rep etition.

Unlik e Mike , ho w ev er, Soccer can also carry out p ost-game analysis, for whic h the system has more complicated con trol structures, plus tec hniques for searc hing for ev en ts of certain t yp es, mo difying the viewp oin t from whic h ac- tion is view ed, and enhancing an image to concen trate atten tion on imp ortan t features, suc h as the sup erimp osition of an arro w to indicate the forthcoming mo v emen ts of ball or pla y ers. In terms of simple text, the system pro duces out- put suc h as ‘Bommer, the mid�eld pla y er, passes the ball... to Bosc h the outside left... He is attac k ed b y M � uller, the outside righ t.’ 5.3 Byrne Another commen tary-related researc h pro ject is the talking head Byrne system describ ed elsewhere in this v olume [Binsted 98]. Byrne uses the domain of so c- cer to in v estigate the e�ects of p ersonalit y and emotion on the ‘b eliev abilit y’ of a designed c haracter | in this case, a so ccer commen tator. Byrne assumes that the iden ti�cation of ev en ts in the domain is carried out externally and that they ha v e ‘relev ance scores’ that deca y with time. It then generates emotional struc- tur es that describ e the c haracter’s reactions to these ev en ts. These emotional structures ha v e sev en di�eren t p ossible t yp es: fear, anger, sadness happiness, disgust and surprise, and in terest. The pro cess for generating these structures tak es in to accoun t a set of static char acteristics of the commen tator, th us al- lo wing di�eren t p ersonalities to b e explored. The �nal system output is then realized via a text-to-sp eec h syn thesizer and a facial animation system. Byrne is due to b e demonstrated at the 1998 Rob oCup; w e an ticipate that it will pro- vide an excellen t example of ho w the domain of so ccer commen tary facilitates the in v estigation of a div erse range of researc h issues. 6 Conclusions W e ha v e examined the role of automatic so ccer commen tary within the Rob oCup initiativ e. Initially , w e iden ti�ed so ccer commen tary as allo wing and requiring in v estigation of an un usually wide v ariet y of researc h topics, man y of whic h could not b e addressed b y the simple dev elopmen t of teams for the Rob oCup leagues themselv es. Next, w e highligh ted the crucial role of exp ert analysis, not just for the dev elopmen t of a commen tary system, but also for the tac kling of Rob oCup c hallenges suc h as learning, opp onen t mo deling and team w ork. W e review ed our o wn so ccer commen tary system, Mike , pa ying sp ecial atten tion to its tec hniques for exp ert analysis. W e also lo ok ed at related systems, highligh ting the researc h issues that ha v e b een tac kled to date, and also an y further exp ert analysis tec hniques. F ar from simply pro viding extra atmosphere in liv e games, then, w e hop e w e ha v e demonstrated that so ccer commen tary has the p oten tial to pla y an indisp ensable role within the o v erall Rob oCup initiativ e.

References [Andr � e et al 88] E. Andr � e, G. Herzog, and T. Rist. On the sim ultaneous in- terpretation of real w orld image sequences and their natural language description: The system SOCCER. In Pr o c. of the 8th ECAI , pages 449{454, Munic h, 1988. [Andr � e et al 94] E. Andr � e, G. Herzog, and T. Rist. Multimedia presen tation of in terpreted visual data. In Pr o c e e dings of AAAI-94, Work- shop on Inte gr ation of Natur al L anguage and Vision Pr o c essing , pages 74{82, Seattle, W A, 1994. [Binsted 98] K. Binsted. Character design for so ccer commen tary . In Pr o c. of the Se c ond International Workshop on R ob oCup , pages 22{ 36, 1998. [Casti 97] John L. Casti. Would-b e Worlds: how simulation is changing the fr ontiers of scienc e . John Wiley and Sons, Inc, 1997. [Grice 75] H. P . Grice. Logic and con v ersation. In P . Cole and J. L. Morgan, editors, Syntax and Semantics: Sp e e ch A cts , v olume 3, pages 41{58. Academic Press, 1975. [Jones 96] R. Jones. Quoted in Carlisle United fanzine, August 1996. [Kitano et al 97a] H. Kitano, M. Asada, Y. Kuniy oshi, I. No da, E. Osa w a, and H. Matsubara. Rob oCup: A c hallenge problem for AI. AI Magazine , pages 73{85, Spring 1997. [Kitano et al 97b] H. Kitano, M. T am b e, P . Stone, M. V eloso, S. Coradesc hi, E. Osa w a, H. Matsubara, I. No da, and M. Asada. The Rob oCup syn thetic agen t c hallenge 97. In Pr o c e e dings of IJCAI-97 , pages 24{29, Nago y a, Japan, 1997. [Neumann 89] B. Neumann. Natural language description of time-v arying scenes. In D.L. W altz, editor, Semantic Structur es: A dvanc es in Natur al L anguage Pr o c essing , pages 167{207. La wrence Erl- baum, 1989. ISBN 0-89859-817-6. [No da et al 98] I. No da, H. Matsubara, K. Hiraki, and I. F rank. So ccer Serv er: a to ol for researc h on m ulti-agen t systems. Applie d A ti�cial Intel ligenc e , 12(2{3):233{251, 1998. [Oishi & Sugihara 95] Y. Oishi and K. Sugihara. T op ology-orien ted divide-and- conquer algorithm for Voronoi diagrams. Gr aphic al Mo dels and Image Pr o c essing , 57(4):303{314, July 1995. [Sof ] Second Look so ccer analysis soft w are. The mak ers, SoftSp ort Inc., can b e found on the W eb at http://www.softsport.com/ . [T aki et al 96] T. T aki, J. Hasega w a, and T. F uruk a w a. Dev elopmen t of mo- tion analysis system for quan titativ e ev aluation of team w ork in so ccer games. In Pr o c. of ICIP’96 , 1996. [T anak a-Ishii et al 98a] K. T anak a-Ishii, K. Hasida, and I. No da. Reactiv e con ten t se- lection in the generation of real-time so ccer commen tary . In Pr o c e e dings of COLING-A CL’98 , pages 1282{1288, Mon treal, 1998. [T anak a-Ishii et al 98b] K. T anak a-Ishii, I. No da, I. F rank, H. Nak ashima, K. Hasida, and H. Matsubara. MIKE: An automatic commen tary system for so ccer. In Pr o c e e dings of ICMAS-98 , pages 285{292, 1998. This article w as pro cessed using the L a T E X macro pac k age with LLNCS st yle