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Nome:

Busca AND-OR

1. Defina o que são os nós OR e AND.

Solution:

� Nós OR são nós as ações escolhidas pelo próprio agente num ambiente determińıstico.

� Nós AND são as sáıdas escolhidas pelo ambiente a partir de ações do agente.

2. Dado o algoritmo AND-OR-SEARCH (Figura 1), explique por que ele retorna failure quando
encontra um estado idêntico a um estado presente no caminho até a raiz da árvore, evitando a
criação de ciclos.

136 Chapter 4. Beyond Classical Search

function AND-OR-GRAPH-SEARCH(problem) returns a conditional plan, or failure
OR-SEARCH(problem .INITIAL-STATE,problem , [ ])

function OR-SEARCH(state,problem ,path) returns a conditional plan, or failure
if problem .GOAL-TEST(state) then return the empty plan
if state is on path then return failure
for each action in problem .ACTIONS(state) do

plan ← AND-SEARCH(RESULTS(state,action),problem , [state | path])
if plan ̸= failure then return [action | plan ]

return failure

function AND-SEARCH(states ,problem ,path) returns a conditional plan, or failure
for each si in states do

plan i ← OR-SEARCH(si,problem ,path)
if plan i = failure then return failure

return [if s1 then plan1 else if s2 then plan2 else . . . if sn−1 then plann−1 else plann]

Figure 4.11 An algorithm for searching AND–OR graphs generated by nondeterministic
environments. It returns a conditional plan that reaches a goal state in all circumstances. (The
notation [x | l] refers to the list formed by adding object x to the front of list l.)

construct.) Modifying the basic problem-solving agent shown in Figure 3.1 to execute con-
tingent solutions of this kind is straightforward. One may also consider a somewhat different
agent design, in which the agent can act before it has found a guaranteed plan and deals with
some contingencies only as they arise during execution. This type of interleaving of searchINTERLEAVING

and execution is also useful for exploration problems (see Section 4.5) and for game playing
(see Chapter 5).

Figure 4.11 gives a recursive, depth-first algorithm for AND–OR graph search. One
key aspect of the algorithm is the way in which it deals with cycles, which often arise in
nondeterministic problems (e.g., if an action sometimes has no effect or if an unintended
effect can be corrected). If the current state is identical to a state on the path from the root,
then it returns with failure. This doesn’t mean that there is no solution from the current state;
it simply means that if there is a noncyclic solution, it must be reachable from the earlier
incarnation of the current state, so the new incarnation can be discarded. With this check, we
ensure that the algorithm terminates in every finite state space, because every path must reach
a goal, a dead end, or a repeated state. Notice that the algorithm does not check whether the
current state is a repetition of a state on some other path from the root, which is important for
efficiency. Exercise 4.5 investigates this issue.

AND–OR graphs can also be explored by breadth-first or best-first methods. The concept
of a heuristic function must be modified to estimate the cost of a contingent solution rather
than a sequence, but the notion of admissibility carries over and there is an analog of the A∗

algorithm for finding optimal solutions. Pointers are given in the bibliographical notes at the
end of the chapter.

Figura 1: Algoritmo AND-OR-SEARCH

Solution: Isto acontece porque o algoritmo garante que se existe uma solução aćıclica, ela
deve ser alcançada a partir do estado anterior ao atual. Assim, é garantido que o algoritmo
termina em cada espaço de estado finito.
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Algoritmo MINIMAX e Alpha-Beta Pruning

3. Diferencie os problemas de Busca Adversária dos problemas de busca com apenas um agente.

Solution: Os problemas de busca vistos anteriormente são normalmente formados por um
agente e um objetivo, sendo as ações do agente voltadas para alcançar esse objetivo. Na
busca adversária há um ambiente competitivo no qual há mais de um agente e os agentes
possuem objetivos conflitantes.

4. Considere a árvore abaixo:

1 1 1 1 12 2 2 2 2 23 3 34 4 4 47 7 7 7 7

A

B C D

E F G H I J K L M

5 0 8 9

(a) Utilizando o algoritmo MINIMAX (Figure 2), descubra os valores relacionados aos nós A-M.

Solution: A-4, B-3, C-4, D-2, E-3, F-7, G-7, H-4, I-4, J-7, K-2, L-9, M-7

(b) É posśıvel utilizar alpha-beta pruning e diminuir o número de nós visitados? Se sim, indique
os nós folha que não seriam visitados usando a notação <nó pai> <nó filho>, como H2. Se
não, explique por que.

Solution: F7, F5, G7, I0, J7, DL, DM

(c) Quantos nós poderiam ser podados se houvesse uma ordenação dos nó-folhas?

Solution: 16

5. Assinale verdadeiro ou falso para cada uma das afirmações abaixo, justificando a resposta no caso
de a afirmação ser falsa.

(a) O algoritmo minimax (Figure 2) realiza uma busca em largura completa da árvore do jogo.

(a) Falso

(b) Alpha-beta search (Figura 3) retorna o mesmo movimento que o minimax normalmente traria.

(b) Verdadeiro

(c) No alpha-beta pruning, o α representa o menor valor encontrado dentre as escolhas feitas ao
longo do caminho da árvore, enquanto o β representa o maior valor.

(c) Falso

(d) O algoritmo Minimax leva em consideração o valor minimax de cada nó, fazendo com que o
algoritmo obtenha uma estratégia ótima dado uma árvore de jogo.

(d) Verdadeiro
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Solution:

(a) O algoritmo minimax realiza uma busca em profundidade completa da árvore do jogo.

(c) α representa o maior valor dentre as escolhas feitas ao longo do caminho e β representa
o menor valor.

Figura 2: Minimax algorithm
170 Chapter 5. Adversarial Search

function ALPHA-BETA-SEARCH(state) returns an action
v ← MAX-VALUE(state, −∞, +∞)
return the action in ACTIONS(state) with value v

function MAX-VALUE(state, α, β) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(state)
v ← −∞
for each a in ACTIONS(state) do

v ← MAX(v , MIN-VALUE(RESULT(s ,a), α, β))
if v ≥ β then return v
α ← MAX(α, v )

return v

function MIN-VALUE(state, α, β) returns a utility value
if TERMINAL-TEST(state) then return UTILITY(state)
v ← +∞
for each a in ACTIONS(state) do

v ← MIN(v , MAX-VALUE(RESULT(s ,a) , α, β))
if v ≤ α then return v
β ← MIN(β, v )

return v

Figure 5.7 The alpha–beta search algorithm. Notice that these routines are the same as
the MINIMAX functions in Figure 5.3, except for the two lines in each of MIN-VALUE and
MAX-VALUE that maintain α and β (and the bookkeeping to pass these parameters along).

Adding dynamic move-ordering schemes, such as trying first the moves that were found
to be best in the past, brings us quite close to the theoretical limit. The past could be the
previous move—often the same threats remain—or it could come from previous exploration
of the current move. One way to gain information from the current move is with iterative
deepening search. First, search 1 ply deep and record the best path of moves. Then search
1 ply deeper, but use the recorded path to inform move ordering. As we saw in Chapter 3,
iterative deepening on an exponential game tree adds only a constant fraction to the total
search time, which can be more than made up from better move ordering. The best moves are
often called killer moves and to try them first is called the killer move heuristic.KILLER MOVES

In Chapter 3, we noted that repeated states in the search tree can cause an exponential
increase in search cost. In many games, repeated states occur frequently because of transpo-
sitions—different permutations of the move sequence that end up in the same position. ForTRANSPOSITION

example, if White has one move, a1, that can be answered by Black with b1 and an unre-
lated move a2 on the other side of the board that can be answered by b2, then the sequences
[a1, b1, a2, b2] and [a2, b2, a1, b1] both end up in the same position. It is worthwhile to store
the evaluation of the resulting position in a hash table the first time it is encountered so that
we don’t have to recompute it on subsequent occurrences. The hash table of previously seen
positions is traditionally called a transposition table; it is essentially identical to the exploredTRANSPOSITION

TABLE

Figura 3: Alpha-beta search
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