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Abstract have to replace chess as the task par excellence for Artificial
Intelligence” [1, 16].

We present an approach used in CSDTA (Canonical Se-  putting aside the extremely complicated overall strategy
quence Directed Tactics Analyzer) that uses canonical se-of the game (most skillful players believe it's not compu-
quences (Joseki) in hoping to improve computer Go pro- tational at all), a simple analysis is enough to convince Al
grams. We collect 1278 canonical sequences and their detesearchers that a classical search-based algorithm doesn’t
viations in our system. Instead of trivially matching the work for computer Go. The size of the standard Go board
current game to the collected sequences, we define a nois 19 x 19, which is almost six times larger than the chess
tion of similarity to extract the most suitable move from the poard. Moreover, the rule is extremely simple. A player
candidate sequences for the next move. The simplicity ofcan enter a stone almost everywhere with all kinds of pur-
our method and its positive outcome make our approach appses. In other words, the number of available moves in
promising tool to be integrated into a complete computer average is about 200 (only about 30 moves available in a
Go program for a foreseeable improvement. typical chess game). As a result, the game-tree with only 4

moves in depth contains about 1.6 billion nodes. Neverthe-
less, computer Go designers never completely give up the
1. Introduction look-ahead technique. For example, the well-knaw
tree is used in a recent investigation [15], where the size of
the board is reduced x 5. The problem is, when the size
of the playing board is increased, the “optimized” result in
an isolated x 5 territory cannot be extended beyond the
border; on the contrary, we may just have an opposite result

Go is a two-player board game using identical pieces
called stones (each player plays a color, black or white) to
occupy territory on the boartl. The game has been very
popular in some Asian countries for centuries. In the past. -
few decades, Go has gradually caught attention in the west!" most nontrivial cases.
As a matter of fact, to program a computer for playing Goat ~ Albeit the fact that human brain is not good at mass
an acceptable strength has been one of the most challengingomputation, look-ahead technique is still used by most hu-
tasks in Artificial Intelligence [4]. After Shannon's firstcall man Go players; for advanced players, they can check as
in [13], computer scientists took “only” fewer than 50 years many as 30 moves ahead [5]. It is clear that such human
to have IBM Deep-Blue [6] that defeated the world chess l0ok-ahead approach must be highly focused, well planned,
champion, Garry Kasparov, in 1997. In fact, two decades and goal-directed. With proper conceptual knowledge and
before Kasparov's sensational defeat, a chess program usgoal-directed planning, the game tree can be subtly pruned
ing straightforward exhaustive search had already won thet0 a feasible size. Lehner's Contingency Plan Goal Tree
Minnesota Open Chess Championship in 1976 [1]. But, (CPGT) [10] is a forerunner of such goal-directed planning
as Berliner predicted in 1978, “even if a full width search for computer Go. Another commonly used approach is pat-
program were to become World Chess Champion, such arf€rn recognition, where most typical patterns are stored and
approach cannot possib|y work for Go and this game may reCOgnized during the game. This idea can be traced back to
Zobrist's dissertation [18] in 1970. Cazenave’s Gogol [3] is

1A few basic knowledge about the game may be helpful but not essen-a more recent implementation using the pattern recognition
tially needed to appreciate the present paper. We shall skip all details abouapproach. Although computer Go is still in its infancy in

the game due to the space constraints. As the West is gradually attractectermS of the strength, the journey of attempts is rich. There
to this fascinating oriental game, there are quite a lot of good introduc- ! ’

tory books available in English: for example, see [8], or simply type “Go are many other new approac_:hes suggested or implemented
Game” on Amazon's search engine. for computer Go programs in the past decade, e.g., neu-




ral network approach, cognitive model, machine learning, CSDTA is not a complete Go game program with follow-
fuzzy logic, and so on. Due to the space constraints, weing restrictions: 1. It only plays the black stone; 2. It con-
shall omit them and refer the interested reader to [2, 11] siders only one quadrant of the board; 3. It plays only from
for more recent surveys. Also, see [14] for some important the deployment stage (opening-game) through the first half
computer Go programs between 70’s and late 80’s which of contact-fighting stage (mid-game). Moreover, CSDTA
are of historical interest. does not consider either the whole board strategies or the
strategies behind each canonical sequence. In a real game,

Our Contribution: The Canonical Sequence Directed the player determines which canonical sequence to be initi-

Tactics Analyzer (CSDTA, hereafter) should be considered at€d in a quadrant based on his/her overall deployment strat-
as a tool to be integrated in a complete computer Go pro-9Y- Since CSDTA does not deal with strategy decision, it
gram. The analysis of CSDTA is based on a rich col- does not decide which canonical sequence to be used. We

lection of optimized sequences of moves called canonicalSIMPIY 1€t the user (or a complete computer Go game pro-

sequences (Joseki, literally means standard deployment)d"am that employs CSDTA) initiate the first move.
While recognizing some predefined patterns to guide the NO look-ahead algorithm is used in CSDTA, although
strategic goal or tactical decision during the game is a com-"eé believe that including a light look-ahead search could

mon approach in computer Go programs, no existent Gosignifica_ntly impro_v_e the decision quality. Also note that
program to our knowledge has built a collection of canoni- CSPTA is not a miniature of a standard Go game. A quad-
cal sequences in the program as rich as CSDTA. Also, in or-"ant of the standard Go board is not identical tda 10 Go

der to use the sequences in a more flexible way, we propos®0ard- A10 x 10 board is an enclosed world having four
an evaluation function to define the similarity between the cO'ners and four edges, while a quadrant considered by a

current game and canonical sequences. The original idea of@nonical sequence is a corer and the two open sides oppo-

using canonical sequences was proposed by Koh in [9]. ;ite to_ it. More import_antly,_ a corner play usually involves
intensive contact fighting with some tricky moves that can'’t

be found in standard canonical sequences. Another kind of
patterns for recognizing urgent movég/(1bg, vital moves
(Kyushg, or tactical movesTesuj) are needed for this pur-

pose

2. CSDTA

The underlying idea of CSDTA is that: it recognizes the
configuration on the playing board and consults the expe-
riences of expert Go players to make up its decision (next . .
computer move) through some evaluation matrices. The ex-3' Evaluation Matrices
periences of expert Go players are represented in form of

canonical sequences. A canonical sequence is a sequence | '€ main difference between the evaluation method of
of local optimal moves with influence that may extend to CSPTA and most classical pattern recognition approaches

remote territory. Each canonical sequence has been thorySed in @ computer Go program is that, the sequence to be

oughly evaluated by expert players for years, some of them'€cognized in CSDTA is a temporal patterns, i.e., the de-

have been considered as classic plays for centuries, and eadff!OPing order of each canonical sequence is essential. CS-
has proven to be optimal for both players. On the other DTA should shift the focus according to the game being

hand, if one player plays out of the sequence by a mistakeplay,ed_ and try to form the black stones into a shape identical
or for other trade-off reasons, the opponent will be signif- ©F Similar to the predefined sequences. When CSDTA can-

icantly benefitted if he/she can response accordingly. Ourn©t find an exact match, some similar canonical sequences

database contains 1,278 canonical sequences and their gavill be selected_ and then CSDTA V\_’i" further weight the
viations based on the collections in Ishida’s [7] and Ha's [5]. selected canonical sequences and find the best one for next

The deviations are beneficial to the player who play black Move. There are two stages in CSDTA. The first stage de-

stones if the opponent plays out of the canonical sequencesiN€S Similar canonical sequences and the second stage de-

Traditionally, canonical sequences are classified into differ- Id€S the next move. Each stage uses a different evaluation

ent categories according to their first moves. Each categor;l_natr'x cal_led _|mportance-matr|x. A qugdrant of each_matrlx
carries a different agenda for further deployment. We fur- IS Shown in Figure 1. A complete matrix can be obtained by
ther classify each category in our database according to theiSiMPIY rotating the quadrant to the rest three quadrants. We
second moves as shown in Table 1. The second move of &Vill use My andM; to denote the two matrices for the first
canonical sequence determines how the opponent engage&nd second stages, respectively.

Since a canonical sequence can be easily rotated, symmetri-

cally transformed, and switched stone colors, we store onlyStage One — Selection of Similar Canonical Sequences:
one sequence for all its trivial variations, and black stone We first define the degree of difference for each canonical
always makes the first move. sequence stored in the database with respect to the current



15t moves (Total:1278)
2dmoves |33 34 44] 53] 54 63| 64
3-3 - 1 3 33 5 1 -
3-4 - - 2| 193 | 117 1 2
3-6 - - | 298 - - - -
4-4 10 - - -
4-5 2 - - 53
4-6 4 1 6 -
5-3 - | 267
5-4 - | 182 -
6-3 - 25 -
6-4 3 36 -
Others 1 2 30

| Total | 20[514[339[27;9[12;[ é[ é]

Table 1. Collection of Canonical Sequences and Deviations

game. Following the simple philosophy that we should pay the focus, which are not yet played and hence will not be
much more attention to the opponent’s last move, we sim-considered.

ply put the focus on the last move in stage one. Although CSDTA computes the difference degree for every se-
CSDTA is designed to play black stones only, it is possi- quence in our database with respect to the current game.
ble that the human player would skip his/her turn (in a real Let d be the minimum difference degree. All canonical
game, the player would have shifted his/her attention to an-sequences with degree of difference less than or equal to
other quadrant) and hence the last move may not always bel x (4/3) are calledsimilar canonical sequencesith re-

a white move. For each canonical sequence in the databasespect to the current game. Every similar canonical sequence
we extract an initial segment up to the focus (the last move will be passed to stage two for further evaluation. The ra-
of the game). Note that the number of moves in the initial tio, 4/3, is an experimental value, which is obtained by ob-
segment of a concerned canonical sequence may not be thserving the performance of CSDTA and 4/3 provides better
same as the current game. results based on our collection.

For convenience, le® denote the current gamé; the As our example shown in Figure 2, the canonical se-
focus, andw the initial segment of a concerned canonical quence (A) in Figure 2 is the one with the minimum de-
sequence up t@. Consider the game played by CSDTA gree of difference, which i€0. Therefore, all canonical
against a human player (white stone) in Figure 2. We shall sequences with degree of difference less than or eqél to
explain how CSDTA enter$g in response t8y,. We have  will be further evaluated in the next stage.

Q={(G.4)B,(H,6)w,(D,3)p, Stage Two — Selection of the Next Move: Although the
(F,6)w, (F,5)p, (H,4)w,(H,3)p,(I,4)w} canonical sequences selected in stage one are considered
similar, their next moves may be very different. Since the
andF" = (1,4). Here we consider the evaluation of canoni- vicinity of a potential move in the current board is critical

cal sequences (A) in Figure 2 and have in determining the goodness of the move, it is natural to put
our focus on the move for evaluation, while the last move

w=1{(G,4)p,(H,6)w,(D,3)s, is still important to us. Therefore, CSDTA uses two focuses
(H,3)w, (H,4)p, (I,4)w}. in stage two: the last move of the game and the next move

of the canonical sequence being evaluated.
The calculation of the difference degree is rather straight-  Since the next move is much more sensitive to the sur-
forward: Find the mismatch points betwe@nandw and rounding than the last move that has been entered, we use
sum up the values af/; at the mismatch points with the a different matrix in which the weight is reduced rapidly
focus shifted toF". In this example, the mismatch points when the points are moving away from the focus (see Figure
are(F,6)w, (E,5)p, (H,3)w,and(H,4)p. As the focus  1). The pattern is similar to Sander-Davies’s influence pat-
landed at(7, 4), their corresponding values a2e3, 7, and tern [12] and Yen and Hsu’s Rough Inference [17]. More-
8. Thus, the degree of differenced8. Similarly, one can  over, we think the type of mismatch at each point should
find the degrees of difference for canonical sequence (B),be considered. We therefore adjust the weight according to
(C), and (D) in Figure 2, which are 22, 26, and 26, respec- the type of mismatch as shown in Table 2, whé(e) is
tively. All shaded stones in Figure 2 are moves aftert), defined andv is the entry of the importance-matri¥/s.
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Figure 1. Importance-Matrices, M; and M,

Canonical Board (Current Game) s ]

Sequence|| Empty [ White | Black = 2w lfthe_ blat_:k stone reduces
Empty 0 5w T Fw) = - the liberties of the cluster; @
White w/2 0 w/2 " w otherwise.
Black w 2w 0

Table 2. Weight Adjustment in Stage Two

The final weight of each selected canonical sequence iscomplete Go game program and no other assistant evalu-
simply 10,000 subtracting the sum of adjusted weights in ation is used, it is not appropriate to appraise its strength.
M, as discussed above. Figure 2 shows four similar canon-For further speculation, however, we shall give it a rough
ical sequences and their final weights. Consider sequenceassessment in this section.

(A) again. For focus one, the weights corresponding to the

four mismatch points are 240, 300, 5, and 5. After adjust-The Good: Compared to KYU in [12] which is not a com-
ment, we have40/2+300 x 2+5+5x 2 = 735. Forfocus  plete program either but rated about 30 kyu in the opening
two, we have 300, 240, 40, and 30, and after adjustment, wegame, and it can play about 20 acceptable but, as the authors
have300/2 + 240 x 2 + 40 + 30 x 2 = 730. Therefore,  mentioned, “conservative and unimaginative” moves in the
the final weight of canonical sequence (A) in Figure 2 is \yhole board (5 or 6 per quadrant), CSDTA plays much bet-
10,000 — 735 — 730 = 8,535. Similarly, the final weight  ter than that. In general, CSDTA can respond with an excel-
of canonical sequence (D) is 9,406, which turns out to be |ent move if the selected similar canonical sequence has a
the one with highest weight among all similar canonical gegree of difference less than 20, and it can play fairly well
sequences, and hence its next mavg at (1,3) becomes  \hen the degree is between 20 and 30. When the degree
CSDTAs next movedz. Note that in (1) we need to find s petween 30 and 40, CSDTA in most cases can still play
the number of liberties of a cluster. Thus, CSDTA needs acceptably. Only when the degree of difference excesses
to maintain every cluster on the board, which is the only 40, the quality become unpredictable. In the game shown
unit higher than a single stone to be recognized by CSDTA. i Figure 2, the winner, canonical sequence (D), has 26 as
Each cluster is maintained by two linked-lists for connected the degrees of diﬁerence; CSDTA Suggests (|,3) as the ninth

is clear that the cluster is a necessary unit for further devel-pas successfully deployed.

oping but not essential in the present paper. In most cases, if the minimum degree of difference is
less than 30, there always exist canonical sequences with
4. Assessment weights higher than 9,000. This indicates that CSDTA is

not likely to suggest a bad move in a normal opening game.

Memory requirement and response time of CSDTA is not If the human player does not intentionally play against com-
an issue to today’'s PC standard. Our program use 150 KB tomon canonical sequences, the degrees of difference of the

load all 1278 sequences into main memory and the responseelected similar canonical sequence will remain under 40

time for each move is negligible. Since CSDTA is not a for about 15 moves. In a quadrant, 15 moves would have
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Figure 2. A Game Against CSDTA and Four Canonical Sequences Evaluated by CSDTA

taken the game into the mid-game stage. Extending to aOverall Game Planning: For a human player, a canon-
complete board, CSDTA can play about 60 good moves.ical sequence is selected according to his/her overall de-
We consider to have 60 good moves without too much costployment strategy. In other words, each canonical sequence
a significant achievement. carries a strategy behind. Thus, it is more appropriate if
the program can select canonical sequences according to its
ical sequence without considering the strategy behind theOverall plan. Qne possible way 1S 10 associate a strategy
to each canonical sequence in our database. Such strategy

sequence. Also, as no other technique used in CSDTA, itcan be something like, for example, “this sequence attaches
is not surprised that CSDTA may be able to prepare a good. glixe, p'e. 9

tactics deployment for a battle, but it cannot finish the battle Importance to _the corner territory” or this seq'uence _trades
. . ) . the corner territory for influence in the center”. That infor-

and win a territory. Another major shortcoming of CSDTA : . o .

) . . mation will become a built-in strategy for each canonical

is that it cannot handle some obvious abnormal moves. On : - :

. : sequence. Once the goal is determined, we should weight
the other hand, we do not really consider these real dlsad—the canonical seauences according to the qoal
vantages of CSDTA. It should be easy to set a cutting line q 9 goal.
according to the difference degree and weight for CSDTA
to quit and let another method take over. In fact, many situa- Critical Patterns: The knowledge base of CSDTA con-
tions in which CSDTA handles badly by their nature should tains only canonical sequences (Joseki). If the minimum
be solved by using another approaches, e.g., search-basegegree of difference becomes large, CSDTA will still try
algorithms or another kind of patterns as we mentioned ear-to extract a similar part fronmot-so-similarcanonical se-

The Bad: CSDTA mechanically select the “best” canon-

lier at the end of Section 2. quences to determine the next move. As a result, the qual-
ity becomes unpredictable. When the game varies from the
5 Future Study and Conclusion standard sequence, it is more appropriate to consult a dif-
ferent kind of patterns known as "Critical Patterns”. In gen-
5.1 Future Study eral, such kind of patterns provide urgent movi€gubg),

vital moves Kyushq, and tactical moveslésuij), which are

In this subsection we point out four possible directions . o sequence of moves but a few critical points the player

for future development.
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