References H. Berliner, \Computer bac kgammon." Scienti�c meric an 243:1 64-72 (1980). B. Rob ertie, \Carb on ersus silicon: matc hing wits with TD-Gammon." In- side Backgammon 2:2 14-22 (1992). R. S. Sutton, \Learning to predict the metho ds of temp oral di�erences." Machine arning 9-44 (1988). G. esauro, \Neurogammon wins Computer Olympiad." Neur al Computa- tion 321-323 (1989). G. esauro, \Practical issues in temp oral di�erence learning." Machine arning 257-277 (1992). N. Zadeh and G. Koblisk a, \On optimal doubling in bac kgammon." Man- agement Scienc 23 853-858 (1977). tial tec hnical errors in its endgame pla One ould exp ect these tec hnical errors to cost the program on the order of .05 oin ts er game against top umans. Rob ertie thinks that there are probably only or three dozen pla ers in the en tire orld who, at the top of their game, could exp ect to hold their wn or ha an adv an tage er the program. This means that TD- Gammon is no probably as go at bac kgammon as the grandmaster hess mac hine Deep Though is at hess. In terestingly enough, it is only in the last 5-10 ears that uman pla has gotten go enough to riv al TD-Gammon’s curren pla ying abilit If TD-Gammon had een dev elop ed 10 ears ago, Rob ertie sa ys, it ould ha easily een the est pla er in the orld at that time. Ev en ears ago, there ould ha een only or three pla ers who could equal it. The self-teac hing reinforcemen learning approac used in the dev elop- men of TD-Gammon has greatly surpassed the sup ervised learning approac of Neurogammon, and has ac hiev ed lev el of pla considerably ey ond an ossible prior exp ectations. It has also demonstrated fa orable empirical e- ha vior of TD( ), suc as go scaling eha vior, despite the lac of theoretical guaran tees. Prosp ects for further impro emen of TD-Gammon seem promising. Based on the observ ed scaling, training larger and larger net orks with corresp ond- ingly more exp erience ould probably result in ev en higher lev els of er- formance. Additional impro emen ts could come from mo di�cations of the training pro cedure or the input represen tation sc heme. Some com bination of these factors could easily result in ersion of TD-Gammon that ould the uncon tested orld’s est bac kgammon pla er. Ho ev er, instead of merely pushing TD-Gammon to higher and higher lev els of pla it no seems more orth while to extract the principles un- derlying the success of this application of TD learning, and to determine what kinds of other applications ma also pro duce similar successes. Other ossible applications migh include �nancial trading strategies, military bat- tle�eld strategies, and con trol tasks suc as rob ot motor con trol, na vigation and path planning. this oin are still largely ignoran as to wh TD-Gammon is able to learn so ell. One plausible conjecture is that the sto hastic nature of the task is critical to the success of TD learning. One ossibly ery imp ortan e�ect of the sto hastic dice rolls in bac kgammon is that during learning, they enforce certain minim um amoun of exploration of the state space. By sto hastically forcing the system in to regions of state space that the curren ev aluation function tries to oid, it is ossible that impro ed ev aluations and new strategies can disco ered. Program raining Games Opp onen ts Results TD-Gammon 1.0 300,000 Rob ertie, Da vis, -13 pts/ 51 games Magriel (-.25 ppg) TD-Gammon 2.0 800,000 Goulding, olsey -7 pts/ 38 games Snellings, Russell, (-.18 ppg) Sylv ester TD-Gammon 2.1 1,500,000 Rob ertie -1 pt/ 40 games (-.02 ppg) able 1: Results of testing TD-Gammon in pla against orld-class uman opp onen ts. ersion 1.0 used 1-ply searc for mo selection; ersions 2.0 and 2.1 used 2-ply searc h. ersion 2.0 had 40 hidden units; ersions 1.0 and 2.1 had 80 hidden units. games against top pla ers Ken Goulding, Kit olsey Wilco Snellings, former orld Cup Champion Jo Sylv ester, and former orld Champion Jo Russell. The latest ersion of the program, ersion 2.1, had 1.5 million games of training exp erience and ac hiev ed near-parit to Bill Rob ertie in recen 40-game test session: after trailing the en tire session, Rob ertie managed to ek out narro one-p oin victory the score of 40 to 39. According to an article Bill Rob ertie published in Inside Backgammon magazine (Rob ertie, 1992), TD-Gammon’s lev el of pla is signi�can tly etter than an previous computer program. Rob ertie estimates that TD-Gammon 1.0 ould lose on erage in the range of 0.2 to 0.25 oin ts er game against orld-class uman pla (This is consisten with the results of the 51-game sample.) This ould ab out equiv alen to decen adv anced lev el of u- man pla in lo cal and regional Op en-division tournamen ts. In con trast, most commercial programs pla at eak in termediate lev el that loses ell er one oin er game against orld-class umans. The est previous commer- cial program scored -0.66 oin ts er game on this scale. The est previous program of an sort as Hans Berliner’s BK program, whic in its only public app earance in 1979 on short matc against the orld Champion at that time (Berliner, 1980). BK as ab out equiv alen to ery strong in termediate or eak adv anced pla er and ould ha scored in the range of -0.3 to -0.4 oin ts er game. Based on the latest 40-game sample, Rob ertie’s erall assessmen is that TD-Gammon 2.1 no pla ys at strong master lev el that is extremely close to equaling the orld’s est uman pla ers. In fact, due to the program’s steadiness (it nev er gets tired or careless, as ev en the est of umans in- evitably do), he thinks it ould actually the fa orite against an uman pla er in long money-game session or in grueling tournamen format suc as the orld Cup comp etition. The only thing whic prev en ts TD-Gammon from gen uinely equaling orld-class uman pla is that it still mak es minor, practically inconsequen- :::; leading to �nal rew ard signal determined the outcome of the game. (These games ere pla ed without doubling, th us the net ork did not learn an ything ab out doubling strategy .) The sequences of ositions ere generated using the net ork’s predictions as an ev aluation function. In other ords, the mo selected at eac time step as the mo that maximized the net ork’s estimate of exp ected outcome. Th us the net ork learned based on the outcome of self-pla This pro cedure of letting the net ork learn from its wn pla as used ev en at the ery start of learning, when the net ork’s initial eigh ts are random, and hence its initial strategy is random strat- egy rom an priori oin of view, this metho dology app eared unlik ely to pro duce an sensible learning, ecause random strategy is exceedingly bad, and ecause the games end up taking an incredibly long time: with random pla on oth sides, games often last sev eral undred or ev en sev eral thou- sand time steps. In con trast, in normal uman pla games usually last on the order of 50-60 time steps. Preliminary exp erimen ts used an input represen tation sc heme that only enco ded the ra oard information (the um er of White or Blac hec ers at eac lo cation), and did not utilize an additional pre-computed features relev an to go pla suc as, e.g., the strength of blo ade or probabilit of eing hit. These exp erimen ts ere completely kno wledge-free in that there as no initial kno wledge built in ab out ho to pla go bac kgammon. In subsequen exp erimen ts, set of hand-crafted features as added to the represen tation, resulting in higher erall erformance. This feature set as the same set that as included in Neurogammon. The rather surprising result, after tens of thousands of training games, as that signi�can amoun of learning actually to ok place, ev en in the zero initial kno wledge exp erimen ts. These net orks ac hiev ed strong in ter- mediate lev el of pla appro ximately equal to that of Neurogammon. The net orks with hand-crafted features ha greatly surpassed Neurogammon and all other previous computer programs, and ha con tin ued to impro with more and more games of training exp erience. The est of these net- orks is no estimated to pla at strong master lev el that is extremely close to equaling orld-class uman pla This has een demonstrated in umerous tests of TD-Gammon in pla against sev eral orld-class uman grandmasters, including Bill Rob ertie and aul Magriel, oth noted authors and highly resp ected former orld Champions. or the tests against umans, heuristic doubling algorithm as added to the program whic to ok TD- Gammon’s equit estimates as input, and tried to apply somewhat classical form ulas dev elop ed in the 1970’s (Zadeh and Koblisk a, 1977) to determine prop er doubling actions. Results of testing are summarized in table 1. TD-Gammon 1.0, whic had total training exp erience of 300,000 games, lost total of 13 oin ts in 51 games against Rob ertie, Magriel, and Malcolm Da vis, the 11th highest rated pla er in the orld in 1991. TD-Gammon 2.0, whic had 800,000 games of training games of exp erience and as publicly exhibited at the 1992 orld Cup of Bac kgammon tournamen t, had net loss of oin ts in 38 exhibition TD-Gammon, Self-T eac hing Bac kgammon Program, Ac hiev es Master-Lev el Pla Gerald esauro IBM Thomas J. atson Researc Cen ter O. Bo 704 orkto wn Heigh ts, NY 10598 (tesauro@w atson.ibm.com) Abstract. TD-Gammon is neural net ork that is able to teac itself to pla bac kgammon solely pla ying against itself and learning from the results, based on the TD( reinforcemen learning algorithm (Sutton, 1988). Despite starting from random initial eigh ts (and hence random initial strategy), TD-Gammon ac hiev es surprisingly strong lev el of pla With zero kno wledge built in at the start of learning (i.e. giv en only \ra w" description of the oard state), the net ork learns to pla at strong in termediate lev el. urthermore, when set of hand-crafted features is added to the net ork’s input represen tation, the result is truly staggering lev el of erformance: the latest ersion of TD-Gammon is no estimated to pla at strong master lev el that is extremely close to the orld’s est uman pla ers. Reinforcemen learning is fascinating and hallenging alternativ to the more standard approac to training neural net orks sup ervised learning. Instead of training on \teac her signal" indicating the correct output for ev ery input, reinforcemen learning pro vides less information to ork with: the learner is only giv en \rew ard" or \reinforcemen t" signal indicating the qualit of output. In man cases the rew ard is also dela ed, i.e., is giv en at the end of long sequence of inputs and outputs. In con trast to the umerous practical successes of sup ervised learning, there ha een relativ ely few successful applications of reinforcemen learning to complex real-w orld problems. This pap er presen ts case study in whic the TD( reinforcemen learn- ing algorithm (Sutton, 1988) as applied to training ultila er neural net- ork on complex task: learning strategies for the game of bac kgammon. This is an attractiv test problem due to its considerable complexit and sto hastic nature. It is also ossible to mak detailed comparison of TD learning with the alternativ approac of sup ervised training on uman ex- ert examples; this as the approac used in the dev elopmen of Neurogam- mon, program that con vincingly on the bac kgammon hampionship at the 1989 In ternational Computer Olympiad (T esauro, 1989). Details of the TD bac kgammon learning system are describ ed elsewhere (T esauro, 1992). In brief, the net ork observ es sequence of oard ositions