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Abstract relates only to the parts of the system controlled by a small

number agents. We show how such factored value functions
allow the agents to find a globally optimal joint action us-
ing a very natural message passing scheme. This scheme can
be implemented as a negotiation procedure for selecting ac-
tions at run time. Alternatively, if the agents share a commo
observation vector, each agent can efficiently determige th

selection activities and their parameter updates. Within actions that will be taken by all of the collaborating agents

the limits of our parametric representations, the agents W'th_OUt any add_|t|onal communication. -
will determine a jointly optimal action without explic- Given an action selection mechanism, the remaining task

itly considering every possible action in their exponen- 'S to develop a remforcemer_lt learning a'go”th'T‘ that isxeap
tially large joint action space. Our methods differ from  PI€ Of producing value functions of the appropriate form. An
many previous reinforcement learning approaches to algorithm for computing such value_ functions is presented i
multiagent coordination in that structured communi- [7] for the case Where_ the mod_el IS kn_owr_n and represented
cation and coordination between agents appears at the 25 & factored MDP. This is the first application of these tech-

core of both the learning algorithm and the execution niques in the context of reinforcement learning, where we no
architecture. longer require a factored model or even a discrete statespac

We begin by presenting two methods of computing an ap-
. propriate value function through reinforcement learniag,
1 Introduction variant of Q-learning and a variant of model free policy it-
Consider a system where multiple agents, each with its oweration called Least Squares Policy Iteration (LPI]. We
set of possible actions and its own observations, must coordalso demonstrate how parameterized value functions of the
nate in order to achieve a common goal. We want to findorm acquired by our reinforcement learning variants can be
a mechanism for coordinating the agents’ actions so as toombined in a very natural way with direct policy search
maximize their joint utility. One obvious approach to this methods such al3; 12; 1; 15; 9. The same communica-
problem is to represent the system as a Markov decision prdion and coordination structures used in the value function
cess (MDP), where the “action” is a joint action for all of the approximation phase are used in the policy search phase to
agents and the reward is the total reward for all of the agentsample from and update a factored stochastic policy functio
The immediate difficulty with this approach is that the astio ~ We call our overall approacioordinated Reinforcement
space is quite large: If there ageagents, each of which can Learningbecause structured coordination between agents is
takea actions, then the action spaceus used in core of our learning algorithms and in our execution
One natural approach to reducing the complexity of thisarchitectures. Our experimental results indicate thathén
problem is to restrict the amount of information that is &vai case of LSPI, the message passing action selection mecha-
able to each agent and hope to maximize global welfare byism and value function approximation can be combined to
solving local optimization problems for each agéh]. In produce effective policies.
some cases, it is possible to manipulate the presentation of
formation to the agents in a manner that forces local optimiz ; ; :
tions to imply globgaloptimizationBLY]. In general, howgver, 2 Cooperative Action Selection
the problem of finding a globally optimal solution for agents We begin by considering the simpler problem of having a
with partial information is known to be intractad2]. group of agents select a globally optimal joint action in or-
Following [7] we present an approach that combines valueder to maximize the sum of their individual utility func-
function approximation with a message passing scheme biyjons. Suppose we have a collection of agents, where each
which the agents efficiently determine the jointly optimed a agentj must choose an actiag; from a finite set of possi-
tion with respect to an approximate value function. Our ap-ble actionsDom(A4;). We useA to denote{A,...,A,}.
proach is based on approximating the joint value function aghe agents are acting in a space described by a set of state
a linear combination of local value functions, each of whichvariables, X = {X;...X,}, where each¥; takes on val-

We present several new algorithms for multiagent re-
inforcement learning. A common feature of these al-
gorithms is a parameterized, structured representation
of a policy or value function. This structure is lever-
aged in an approach we cathordinated reinforcement
learning, by which agents coordinate both their action



ues in some domaiDom(X;). A statex defines a setting
x; € Dom(Xj) for each variableX; and an actiom defines

an actiona; € Dom(A;) for each agent. The agents must Q Q:

choose the joint actioa that maximizes the total utility. @ @
In general, the total utilityy will depend on all state vari-

ablesX and on the actions of all agems However, in many Q, Q,

practical problems, it is possible to approximate the toti @

ity @ by the sum of local sub-utilitie§ ;, one for each agent.

Now, the total utility becomes§) = Zj @;. For example,

consider the decision process of a section manager in aware- Figure 1: Coordination graph for a 4-agent problem.

house. Her local utilityl); may depend on the state of the

inventory of her section, on her decision of which produets t

stock up and on the decision of the sales manager over pricirgelect a joint actiora that maximizes) ; @;(a). The fact

and special offers. On the other hand, it may not depend dithat the®; depend on the actions of multiple agents forces

rectly on the actions of the customer support team. Howevethe agents to coordinate their action choices. We can rep-

the decisions of the support team will be relevant, as they maresent the coordination requirements of the system using a

affect the actions of the sales manager. coordination graphwhere there is a node for each agent and
Computing the action that maximizés= Zj @; insuch  an edge between two agents if they must directly coordinate

problem seems intractabke priori, as it would require the their actions to optimize some particulg@. Fig. 1 shows the

enumeration of the joint action space of all agents. Fortu€oordination graph for an example where

nately, by exploiting the local structure in tigg; functions Q@ = Q;(a1,a2) + Q2(a2, as) + Qs(a1, az) + Qu(as, as).

through acoordination graphwe can compute the optimal o gra5h structure suggests the use ofast network[6],

action very efﬂqently, with Ilm_lted communication betwee |\ hich' can be solved usingon-serial dynamic program-

agents and I|m|ted_ observab|I|_ty, as pro_posecﬂ?ih We re- ming [3] or a variable elimination algorithm which is virtu-

peat the construction here as it will be important throughougy jgentical to variable elimination in a Bayesian netior

this paper. _ . . We review this construction here, as it is a key componentin
In our framework, each ageyjithas a local utility function 4 rast the paper.

ij An ?gﬁnts local Q Eljmt'oh” might be mfluenczd r?y & The key idea is that, rather than summing all functions and

subset Oh the state.varlfé fe,s' the agents action ag those fhen doing the maximization, we maximize over variables one

some other agents; we defieope[Q);] C XU A tobethe ¢4 time "When maximizing oves, only summands involv-

set of statedvarlablehs an?j agents thlat(;nflurimge (We use 15 participate in the maximization. In our example, we
Q(x, a) to denote the value @9 applied to the instantiation ich 5 compute:

of the variables iBcope[Q ;] within x,a.) The scope of);
can be further divided into two parts: the observable statg, b q, Q1(a1, a2)+Q2(az, as)+Qs(a1, a3) +Q4(as, as)-

variables: Let us begin our optimization with agent 4. To optimize,
Observable[Q;] = {X; € X | X; € Scope[Q;]}; functions); and@; are irrelevant. Hence, we obtain:
and the relevant agent decision variables: max Q1(a1,a:)+Qs(ar,as3)+max[Qs(az,aqs)+Q4(as, as)].

ay,az2,as3 aq

Relevant[Q;] = {A; € A | A; € Scope[Q;]}-
This distinction will allow us to characterize the obseivas
each agent needs to make and the type of communicati

tr)eedehd fo otgtatm the jQIntlytﬁpterltall ag'lt!on!.e., the J(\l/lvm each action choice of agents 2 and 3. Agent 4 can summarize
ion choice that maximizes the total utility = >_; Q;. W& he yalue that it brings to the system in the different cireum

note that eacty; may be further decomposed as a linear com-giances using a new functigia(A», 43) whose value at the

bination of functions that involve fewer variables; in thase, pointas, as is the value of the internahax expression. This

the complexity of the algorithm may be furtherreduced. e function is a new joint value function for agents 2 and 3,
Recall that our task is to find a coordination strategy fors,mmarizing their joint contribution to the total rewarcbien

the agents to maximizg,; Q; at statex. First, note that the  the assumption that agent 4 will act optimally with respect t
scope of the); functions that comprise the value can include theijr choices.

both action choices and state variables. We assume that theQur problem now reduces to computing
agents have full observability of the relevant state vaeisb a
i.e., agentj can observébservable|Q;]. Given a particular arraos Qilar,az) + Qs(ar, a5) + falaz, as),
statex = {z1,...,z,}, agentj can instantiate the part of having one fewer agent. Next, agent 3 makes its decision,
Q; that depends on the state i.e., condition(); on state  giving:
x. Note that each agent only needs to observe the variablesin y,,x . (a1, a2) + f3(a1,as),
Observable|Q;], thereby decreasing considerably the amount  \yhere f3(ay, az) = maxa, [Qs (a1, as) + faas, as)).
of information each agent needs to gather. Agent 2 now makes its decision. qivin
After conditioning on the current state, ea@h will only 9 » gving
depend on the agent's action choide. Our task is now to falar) = max Q1(a1,a2) + f3(ar, a2),

We see that to choosé, optimally, the agent must know
the values ofd, and As. In effect, it is computing a con-
%tional strategy, with a (possibly) different action cbeifor



and agent 1 can now simply choose the actipnhat maxi- We assume that the underlying control problemi4zakov
mizesf; = max,, f2(a1). The result at this pointis a num- Decision Proces§MDP). An MDP is defined as a 4-tuple
ber, which is the desired maximum over, . . ., aq. (X, A, P,R) where: X is a finite set of statesA is a fi-
We can recover the maximizing set of actions by perform-nite set of actionsP is aMarkovian transition modelhere
ing the entire process in reverse: The maximizing choice foP(s, a, s') represents the probability of going from state
f1 selects the actioa; for agent 1. To fulfill its commitment to states’ with actiona; and R is areward functionR :
to agent 1, agent 2 must choose the valfieshich maximizes X x A x X ~ IR, such thatR(s,a,s') represents the
f2(a?). This, in turn, forces agent 3 and then agent 4 to selecteward obtained when taking actienin states and end-

their actions appropriately. ing up in states’. For convenience, we will sometimes use
In general, the algorithm maintains a sEtof functions, R(s,a) =), P(s,a,s")R(s,a,s").

which initially contains{Q1,...,Q,}. The algorithm then We will be assuming that the MDP has an infinite horizon

repeats the following steps: and that future rewards are discounted exponentially with a

1. Select an uneliminated age; Qiscount factory €[0,1). A stationar_y policyr for an MDP
2. Takeallf,,..., f, € F whose scope containg. is a mappingr : S — A,_ wherer (x) is the action the agent
) Ly JLS : . takes at state. The optimal value functio™* is defined so
3. Define a new functioff = max,, >_; f; and introduce it ha¢ the value of a state must be the maximal value achievable
into 7. The scope of is Uj_, Scope[f;] — {4} by any action at that state. More precisely, we define:
As above, the maximizing action choices are recovered by Qv (x,a) = R(x,a) +72p(x’ | x,a)V(x');
sending messages in the reverse direction. We note that this -
aIgonthm is essentlally a spgual case of the algonthnpi 8€  and theBellman operatofl * to be:
solve influence diagrams with multiple parallel decisi¢8ls T*V(x) = max Qy(x, a)
(as is the one in the next section). However, to our knowl- Ear e A
edge, these ideas have not yet been applied in the context ®he optimal value functio* is the fixed point of7 *: V* =
reinforcement learning. T*V*.

The computational cost of this algorithm is linear in the For any value functior’, we can define the policy ob-
number of new “function values” introduced in the elimina- tained by acting greedily relative 1. In other words, at each
tion process. More precisely, consider the computation oftate, we take the action that maximizes the one-stepyutilit
a new functione whose scope iZ. To compute this func- assuming thaV represents our long-term utility achieved at
tion, we need to comput®om|[Z]| differentvalues. The cost the next state. More precisely, we defiGeeedy))(x) =
of the algorithm is linear in the overall number of these val-arg max, @y (x, a). The greedy policy relative to the optimal
ues, introduced throughout the algorithm. As showf6ly  value functionV* is the optimal policyr* = GreedyV*).
this cost is exponential in the induced width of the coordi- Recall that we are interested in computing local utilities
nation graph for the problem. The algorithmdsstributed @, for each agent that will represent an approximation to
in the sense that the only communication required is betweethe global utility Q. In [7], we presented an algorithm for
agents that participate in the interior maximizationsdesd  computing such value functions for the case where the model
above. There is no need for a direct exchange of informatiofs known and represented as a factored MDP. In this paper,
between other agents. Thus, the induced tree width has a nate consider the case of unknown action and transition mod-
ural interpretation in this context: It is the maximum numbe els, i.e., the reinforcement learning case. In the nextthre
of agents who will need to directly collaborate on the actionsections, we will present alternative, and complemenégy,
choice. The order in which the variables are eliminated willproaches for coordinating agents in order to learn the local
have an important impact on the efficiency of this algorithm.Q; functions.

We assume that this is determinagbriori and known to all
agents. . N 4 Coordination structurein Q-learning
At th's point, we have shown that if the Q'Qb.a' utility fu_nc- Q-learning is a standard approach to solving an MDP through
tion @ is approximated by the sum of local utiliti€s;, then it oiy¢o coment learning. In Q-learning the agent directly
IS P‘?SS'F"¢ to use the pqordma‘uon graph to compute the M&Xaarns the values of state-action pairs from observatidéns o
Imizing jointaction efficiently. In the rema|nd_e_r_ofth|sfmer, quadruples of the form (state, action, reward, next-state)
we will show how we can learn these local utilities efficigntl which we will henceforth refer to ag, a, r,x'). For each

o such quadruple, Q-learning performs the following update:
3 Markov decision processes Q(x,a) + Q(x,a) + afr + 7V (x') — Q(x,a)],
The mechanism described above can used to maximize nathereq, is the “learning rate,” or step size parameter and
just immediate value, but long term cumulative rewards, i.e V(x') = maz,Q(x’, a). With a suitable decay schedule for
the true expected, discounted value of an action, by using QGhe learning rate, a policy that ensures that every staterac
functions that are derived from value function from an MDP. pair is experienced infinitely often and a representatian fo
The extent to which such a scheme will be successful will be)) (x, a) which can assign an independent value to every state-
determined by our ability to represent the value functioa in action pair, Q-learning will converge to estimates(x, a)
form that is usable by our action selection mechanism. Beforwhich reflect the expected, discounted value of taking actio
addressing this question, we first review the MDP frameworka in statex and proceeding optimally thereafter.



In practice the formal convergence requirements for Q-any w; andw;. The locality of the weight updates in this
learning almost never hold because the state space is g larformulation of Q-learning make it very attractive for a dis-
to permit an independent representation of the value ofyevertributed implementation. Each agent can maintain an éytire
state. Typically, a parametric function approximator sash local Q-function and does need to know anything about the
a neural network is used to represent the Q function for eachtructure of the neighboring agents’ Q-functions. Diffdre
action. The following gradient-based update scheme is theagents can even use different architectures, e.g., onet migh
used: use a neural network and another might use a CMAC. The
w — Q(x,a, w)+a[r+7V (x')—Q(x, a, )]V Q(x, a, W), only requirement is_ thz_;\t_the joint Q-fqnction be expressed a

(1) asum of the thes_elndlwdual Q-fl_mctlons. _ o
wherew is a weight vector for our function approximation  The only negative aspect of this Q-learning formulation is

architecture and, again, the valuéx') of the next state’ is  that, like almost all forms of Q-learning with function appr
given by: imation, it is difficult to provide any kind of formal conver-

V(') = maz,Q(x', a). (2)  9ence guarantees. We have no reason to believe that it would

erform any better or worse than general Q-learning with a
inear function approximation architecture, however ttgs
mains to be verified experimentally.

The Q-learning update mechanism is completely generi
and requires only that the approximation architecturefis di
ferentiable. We are free to choose an architecture thatis co
patible with our action selection mechanism. Therefore, we
can assume that every agent maintains a lggafunction 5 Multiagent L SPI
defined over some subset of the state variables, its own ac-

tions, and possibly actions of some other agents. The glob;'leaSt Squares policy iteration (LSRD1] is a new reinforce-
O-function is now a function of the state and an action vectof"€nt I€arning method that performs policy iteration by gsin

a, which contains the joint action of all of the agents defined® stored corpus of Sff‘mp'es ".1 place of a mo_del. LSPI repre-
as the sum of these loca;-functions: sents Q-functions using as a linear combination of basis-fun

g tions. Given a policyy;, LSPI computes a set of Q-functions,
_ @, (in the space spanned by the basis functions) which are
Qx,a,w) = Z Qj(x, a,wy). a fixed point forr with respect to the samples. The néy,
J=1 _ then implicitly define policyr; 1 and the process is repeated
The are some somewhat subtle consequences of this reprigntil some form of convergence is achieved.
sentation. The firstis that determiniiigx’) in Eq. (2) seems e briefly review the mathematical operations required for
intractable, because it requires a maximization over a-exp |Sp| here; full details are available [A0]. We assume that

nentially large action space. Fortunately, efunctionis  our Q-functions will be approximated by a linear combinatio
factored as a linear combination of lo€@} functions. Thus,  of pasis functions (features),

we can apply the coordination graph procedure from Sec- .
tion 2 to obtain the maximum valué(x') at any given state N -
<. Q7 (x,a,w) = Z ¢i(x,a)w; = P(x,a)Tw,
The @ ;-functions themselves can be maintained locally by =1
each agent as an arbitrary, differentiable function of eofet For convenience we express our basis functions in matrix
local weightsw;. Each@; can be defined over the entire form:

state space, or just some subset of the state variablesevisib d(x1,a1)T
to agent;. .
Once we have defined the loc@; functions, we must P = d(x,a)T
compute the weight update in Eq. (1). Each agent must know: .
Ax,a,r,x',w) =[r+7V(x') = Q(x,a,w)], (3) P(x)x|,a1a))7

the difference between the current Q-value and the disedunt where® is (| X||A| x k). If we knew the transition matrix,
value of the next state. We have just shown that it is possiblg>™, for the current policy and knew the reward function we
to apply the coordination graph from Section 2 to computecould, in principle, compute the fixed point by defining and
V(x'). The other unknown terms in Eq. (3) are the rewardsolving the following system:

r and the previoug) value,Q(x,a,w). The reward is ob-

served and thé& value can be computed by a simple message Aw™ = b,
passing scheme similar to the one used in the coordinatiowhere
graph by fixing the action of every agent to the one assigned A=3T(® - 1P"®)
in a.

Therefore, after the coordination step, each agent wikkhavand
access to the value dk(x,a,r,x’,w). At this point, the b= PTR.

weight update equation is entirely local: . . . .
, In practice, we must sample experiences with the environ-

wi «— Q(x,a, W) + a A(x,a,7,x", W)V, Qi(x,a,w;), ment in place ofR and P™. Given a set of sampled) =

The reason is simply that the gradient decomposes linearlyisq;, aq;, s, ,7a;)| i = 1,2,..., L}, where the(sq,, aq,), we

Once an action is selected, there are no cross-terms imgplvi can construct approximate versions ®f P*®, andR as



follows : transition from stat& to statex’ under joint actiora the co-

T st (sh )T ordir_1ati(_)n graph is used to de;grmi_ne the optimal actio_ns fo
O (5a1, 0) #5407 (52,)) x', yielding actiona’. The transition is added to thématrix
=~ S as a transition fro to Q(x',a’).
= o(sq,a0) Prd = | o(sh,m(sh))" nd)(x,a) to Q(x',a’)

An advantage to the LSPI approach to collaborative action
selection is that it computes a value function for each sstcce
sive policy which has a coherent interpretation as a prigject
into the linear space spanned by the individual agent’slloca
) Q-functions. Thus, there is reason to believe that the tiegul
R=| ry Q-functions will be well-suited to collaborative actiorlese
tion using a coordination graph mechanism.

A disadvantage of the LSPI approach is that it is not cur-
PP rently amenable to a distributed implementation during the
It's easy to see that approximation& (, by, Az, b2) derived  |earning phase: Construction of thematrix requires knowl-
from different sets of sampled);, D») can be combined ad- edge of the evaluation of each agent’s basis functions for ev
ditively to yield a better approximation that corresponals t ery state in the corpus, not only for every action that is-actu
the combined set of samples: ally taken, but for every action recommended by every policy

A=A, +A, and  b=Db, +by. considered by LSPI.

ThisAobservation leads to an incremegtal update ruleAfor g Coordination in direct policy search
andb. Assume that initiallyA = 0 andb = 0. For a fixed
policy, a new sampléx, a,r, x') contributes to the approxi-
mation according to the following update equation :

O(sa, 04,)T o(sty 7 (s1,)"

TdL

Value function based reinforcement learning methods have
recently come under some criticism as being unstable and
difficult to use in practice. A function approximation archi

A« A+ b(x,a) ((b(X, a) — %b(xl,ﬁ(xf)))T tecture that is not well-guitgd to the p_roblem can diverge or
produce poor results with little meaningful feedback thsat i
and N directly useful for modifying the function approximator to
b+ b+ o(x,a)r achieve better performance.

We note that this approach is very similar to the LSTD al- _ LSP! was designed to address some of the concerns with
gorithm[5]. Unlike LSTD, which defines a system of equa- Q-18arning based value function approximation. It is more
tions relating state values to state values, LSP! is defined o Stable than Q-learning and since it is a linear method, it is
Q-values. Each iteration of LSPI yields the Q-values for theS0Mewhat easier to debug. However, LSP! is still an approx-
current policy. Thus, each solution implicitly defines trexnn ~ IMate policy iteration procedure and can be quite sensitive
policy for poliicy iteration. to small errors in the estimated Q-values for polidi¢ls In

An important feature of LSPI is that it is able to reuse thePractice, LSPI can to take large, coarse steps in policyespac
same set of samples even as the policy changes. For example,] € shortcomings of value function based methods have
suppose the corpus contains a transition from statestate  |€d to a surge of interest in direct policy search metHads
x' under actions; andr;(x') = a». This is entered into 12; 1; 15; 9. These methods use gradient ascent to search a
the A matrix as if a transition were made fro@(x,a;) to ~ SPace of parameterized stochgstlc policies. As with _aﬁhgra_
Q(x',a). If 741 (x') changes the action for’ from a, to ent ascent methods, local optima can be problematic. Defin-

) . . . . . .
a3, then the next iteration of LSPI enters a transition fromiNg a relatively smooth but expressive policy space and find-
Q(x,a1) to Q(x', as) into the A matrix. The sample can be N9 reasonable starting points within this space are albimp
reused because the dynamics for stateder actiorz; have tant elements of any successful app_llcatlon of gradiergratsc _
not changed. We now show how to seed a gradient ascent procedure with

The application of collaborative action selection to the@ Multiagent policy generated by Q-learning or LSPI as de-
LSPI framework is surprisingly straightforward. We firsteo  Scribed above. To guarantee that the gradient exists,ypolic
that since LSPI is a linear method, any set of Q-functions Iorosearch methods require sfcocha.stlc. poI|_C|es. Our first ®sk i
duced by LSP!I will, by construction, be of the right form for t0 convert the deterministic policy implied by our value Q-
collaborative action selection. Each agent is assignedad lo functions into a stochastic, poligy(a|x), i.e., a distribution
set of basis functions which define its local Q-function. e OVer actions given the state. A natural way to do this, which
basis functions can be defined over the agent's own actions &S0 turns out to be compatible with most policy search meth-
well as the actions of a small number of other agents. A£US, is to create a softmax over the Q-values:

with ordinary LSPI, the current policy; is defined implic- e Qi(x,)
itly by the current set of Q-function§)™. However, in the walx) = g (4)
multiagent case, we cannot enumerate each possible agtion t 2

determine the policy at some given state because this set of To be able to apply policy search methods for such pol-
actions is exponential in the number of agents. Fortunatelyicy representation, we must present two additional steps: T

we can again exploit the structure of the coordination grapfiirst is a method of efficiently generating samples from our
to determine the optimal actions relative @:: For each stochastic policy and the second is a method of efficiently



differentiating our stochastic policy for gradient ascpuot- The next key operation is the computation of the gradient
poses. of our stochastic policy function, a key operation irR&aIN-
Sampling from our stochastic policy may appear problem+oRcEstyle[16] policy search algorithm. First, recall that
atic because of the size of the joint action space. For sagpli we are using a linear representation for each Iggafunc-
purposes, we can ignore the denominator, since it is the santi®n:
Qj(x,a) = Zwm@i,j (x,a);
13

for all actions, and sample from the numerator directly as

an unnormalized potential function. To do this sampling we

again use variable elimination on a coordination graph withwhere each basis functiaf ;(x,a) can depend on a subset

exactly the same structure as the one in Section 2. Conditiorof the state and action variables. Our stochastic policyerep

ing on the current state is again easy: each agent needs tosentation now becomes:

observe only the variables iflbservable[ ;] and instantiate

(); appropriately. At this point, we need to generate a sample

from @, functions that depend only on the action choice. o _ _ _
Following our earlier example, our task is now to sam-To simplify our notation, we will refer to the weights as

ple from the potential corresponding to the numerator ofather thanv; ; and the basis functions &s rather thanp; ;.

u(a | x). Suppose, for example, that the individual agent'sFinally, we need to compute the gradient of the log policy:

Q-functions have the following form:

V = Q1i(a1,a2) + Q2(az,as) + Q3(ar,a3) + Q4(as, as). Ow;

er,i w;,j¢i,5(x,a)
Zb 62’“ wi kPi k(x,a)

nia | x) =

In u(alx) =

and we wish to sample from the potential function for 0 eXiwidi(xa) 1\
te(al,ﬂ2)6Q2(a2,ﬂ4)6Q3(a1,ﬂ3)6Q4(a3,ﬂ4)‘ - a—wz In Eb e widi(x,b) |7
To sample actions one at a time, we will follow a strategy 0 S widi(x,)
of marginalizing out actions until we are left with a potehti = In (e B ) -
. . . . ow;
over a single action. We then sample from this potential and
propagate the results backwards to sample actions for the re 9 In Z eXi widi(x,b) | .
maining agents. Suppose we begin by eliminatingAgent Ow; . ’
4 can summarize it's impact on the rest of the distribution o S wi(x,b)
by combining its potential function with that of agent 2 and — i(x,a) — Qu Dy e irHen)
defining a new potential: R >, e widi(xb) 7
fa(Ay, Ag) = ZGQZ(G27G4)€Q4(G3’G4). Zb 88 e widi(x,b)
wi .
A = dilxa) - S e2; widi(x,b’)
The problem now reduces to sampling from b . wii ()
e2ui Widi(X,
00200105 £y (1, a9), = 9i00a) = i b)s ey
having one fewer agent. Next, agent 3 communicates its con- b Dy e

We note that both the numerator and the denominator in the
summation can be determined by a variable elimination pro-

tribution giving:
(3Q1(L117a2)f3(al7 012)7

where fs;(a;,a2) = Za3 eQa(a17a3)f4(a2, asz).
Agent 2 now communicates its contribution, giving

falay) =) 911092 fo(ay ay),

a2

cedure similar to the stochastic action selection proeadur
These action selection and gradient computation mecha-
nisms provide the basic functions required for essentéaily
policy search method. As in the case of Q-learning, a global
error signal must be shared by the entire set of agents. Apart

and agent 1 can now sample actions from the potentidfo™m this, the gradient computations and stochastic policy
Play) ~ fa(ar). sampling procedure involve a message passing sch.eme with
We can now sample actions for the remaining agents blg‘e_ same topology as the action selection mechanism. We
reversing the direction of the messages and sampling frofR€liéve that these methods can be incorporated into any of a
the distribution for each agent, conditioned on the choifes NUmber of policy search methods to fine tune a policy derived
the previous agents. For example, when agent 2 is informefY Q-1€arning with linear Q-functions or by LSPI.
of the action selected by agent 1, agent 2 can sample actions
from the distribution:

P(as,al) B te(al,az)fg(al,@)

Experimental results

In this section we report results of applying our Coordi-
P(al) Falar) nated RL approach with LSPI to the SysAdmin multia-
The general algorth s the same message passing topiEN, BRI TR SYSTETD PR COREets B
ogy as the original action selection mechanism. e only . T2 NP -
difference is the content of the messages: The forward paéleg to—?ﬁf%{gfé (():fhgg](;hnrl:r]%cﬁ%agsrggsgil:r)lggsl; Ot:/vmri-
messages are probability potentials and the backward pa%%lge's_ statuss; € {good faugllt deayl and ona dL. ¢
messages are used to compute conditional distributions fro i J good, 4 J

which actions are sampled.

P(az]ar) =

'Most policy search algorithms are of this style.



Unidirectional Star — Single Basis Functions
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{idle, loaded, process succes$ful New jobs arrive with
probability 0.5 on idle machines and make them loaded. A
loaded machine in good status can execute and successfully
complete a job with probability.5 at each time step. A faulty
machine can also execute jobs, but it will take longer to ter-
minate (jobs end with probabilit§.25). A dead machine is
not able to execute jobs and remains dead until it is rebooted
Each machine receives a rewardidf for each job completed
successfully, otherwise it receives a reward)ofMachines

fail stochastically and switch status from good to faultgan
eventually to dead, but they are also influenced by theirimeig
bors; a dead machine increases the probability that itdneig
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bors will become faulty and eventually die. a7, . . . —
Each machine is also associated with an aggnwhich at Number of Agents

each step has to choose between rebooting the machine or not. ,

Rebooting a machine makes its status good independently of Figure 2: Results on star networks.

the current status, but any running job is lost. These agents
have to coordinate their actions so as to maximize the total
reward for the system, or in other words, maximize the totaIL

number of successfully completed jobs in the system. IniLP constrainsits Q functions by a lower-dimensional V func-

tially, all machines are in “good” status and the load is set t 10N While LSP1 is free to consider the entire space spanned

“process successful’. The discount factais set to0.95. by its Q-funct!on basis. While there are some sllght dl_ffer-
The SysAdmin problem has been studiedh where the ences, we believe bases are close enough to permit a fair com-

model of the process is assumed to be available as a factor84"=0"N-
MDP. This is a fairly large MDP witl9" possible states and  |n our experiments, we created two sets of LSPI basis func-
2" possible actions for a network of machines. A direct tions corresponding to the backprojections of the “single”
approach to solving such an MDP will fail even for small “pair” indicator functions from[7]. The first set of experi-
values ofn. The state value function is approximated as aments involved a star topology with up 1d legs yielding a
linear combination of indicator basis functions, and thef€o  range from3 to 15 agents. For machines, we experimen-
ficients are computed using a Linear Programming (LP) aptally found that abou00n samples are sufficient for LSPI to
proach. The derived policies are very close to the theaetic |earn a good policy. The samples were collected by starting
optimal and significantly better compared to policies le@rn at the initial state and following a purely random policy. To
by the Distributed Reward (DR) and Distributed Value Func-avoid biasing our samples too heavily by the stationaryidist
tion (DVF) algorithmg14]. bution of the random policy, each episode was truncatéd at
We use the SysAdmin problem to evaluate our coordinatedteps. Thus, samples were collected fréfin episodes each
RL approach despite the availability of a factored model beone15 steps long. The resulting policies were evaluated with
cause it provides a baseline for comparing the model-baseslMonte-Carlo approach by averagi2ig)100-step long runs.
approach with coordinated RL. Note that conventional RL . . ] o
methods would fail here because of the exponential action The entire experimentwas repeatedimes with different
space. We applied Coordinated RL approach with LSPI irsample sets an_d the results were averaged. Figure 2 shows
these experiments. To make a fair comparison with the rethe results obtained by LSPI compared with the results of LP,
sults obtained by the LP approach, we had to make sure th&R, and DVF as reported ifv] for the “single” basis func-
the sets of basis functions used in each case are comparabns case. The error bars for LSPI correspond to the avsrage
The LP approach makes use of “single” or “pair” indicator Over the d|fferen_t s_ample sets used. The “palr” basis func-
functions to approximate the state value funct‘é(‘x) and tions produced Slml|al‘ resu|tS for LSPI and S||ght|y bettR‘r
forms @ values using the model and the Bellman equationP and are not reported here due to space limitations.
It then _soIV(_es a linear program to find the co_efﬁc_nents for the The second set of experiments involved a ring-of-rings
approximation of/(x) under a set of constraints imposed by topology with up tc6 small rings (each one of siz forming
the values. _ _ a bigger ring and the total number of agents was ranging from
On the other hand, LSPI uses a set of basis functions 1o a1, 7. All learning parameters were the same as in the star

proximate the state-action value functi@fix, a). To make  case Figure 3 compares the results of LSPI with those of LP,
sure the two sets are comparable, we have to choose ba$iy and DVF for the “single” basis functions case.

functions for LSPI that span the space of all possiplinc-

tions that the LP approach can form. To do this we backpro- The results in both cases clearly indicate that LSPI learns
jected the LP method’s basis functions through the trasiti very good policies comparable to the LP approach using the
mode[7], added the instantaneous reward, and used the rsame basis functions, buithoutany use of the model. It is
sulting functions as our basis for LSPI. We note that this setvorth noting that the number of samples used in each case
of basis functions potentially spans a larger space tha@the grows linearly in the number of agents, whereas the joint
functions considered by the LP approach. This is because thatate-action space grows exponentially.
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generalize immediately to continuous state variables.
Guestrin et al[7] presented the coordination graph method
for action selection used in this paper and an algorithm for
finding an approximation to th-function using localQ;
functions for problems where the MDP model can be repre-
sented compactly as a factored MDP. The Multiagent LSPI al-
gorithm presented in this paper can be thought of m®del-
freereinforcement learning approach for generating the local
@; approximation. The factored MDP approddth is able
to exploit the model and compute its approximation very effi-
ciently. On the other hand, Multiagent LSPI is more general
as it can be applied to problems that cannot be represented
compactly by a factored MDP.
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8 Conclusions and future work

In this paper, we proposed a new approach to reinforcement]
learning:Coordinated RLIn this approach, agents make co-
ordinated decisions and share information to achieve &iprin
pled learning strategy. Our method successfully incorgsra
the cooperative action selection mechanism derivédiimto
the reinforcement learning framework to allow for struetir )
communication between agents, each of which have only paF-
tial access to the state description. We presented three "PZ,]
stances of Coordinated RL, extending three RL frameworks:
Q-learning, LSPI and policy search. With Q-learning and pol 5]
icy search, the learning mechanism can be distributed. #&gen
communicate reinforcement signals, utility values and-con
ditional policies. On the other hand, in LSPI some central{g]
ized coordination is required to compute the projection of
the value function. In all cases, the resulting policies car{7]
be executed in a distributed manner. In our view, an algo-
rithm such as LSPI can provide a batch offline estimate of
the Q-functions. Subsequently, Q-learning or direct policy [8]
search can be applied online to refine this estimate. By using
our Coordinated RL method, we can smoothly shift between9l
these two phases.

Our initial empirical results demonstrate that reinforce-[10]
ment learning methods can learn good policies using the type
of linear architecture required for cooperative actioresel
tion. In our experiments with LSPI, we reliably learned poli [11
cies that were comparable to the best policies achieved bPiZ]
other methods and close to the theoretical optimal achievab
in our test domains. The amount of data required to IearrP13]
good policies scaled linearly with the number of state and ac
tion variables even though the state and action spaces wefgy
growing exponentially.

Our initial experiments involved models with discretestat [1g)
and action spaces that could be described compactly using a
dynamic Bayesian network. These were chosen primarily to
compare learning performance with previous closed-form ap[16]
proximation methods and our basis functions were chosen to
match closely the basis functions used in earlier experisnen
with the same models. In future work, we plan to explorel17]
problems that involve continuous variables and basis func-
tions. While our methods do require discrete actions, they

(2]
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