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Abstract. We use simulated soccer to study multiagent learning. Each team’s players (agents) share actior
set and policy, but may behave differently due to position-dependent inputs. All agents making up a team are
rewarded or punished collectively in case of goals. We conduct simulations with varying team sizes, and compar
several learning algorithms: TD-Q learning with linear neural networks (TD-Q), Probabilistic Incremental Program

Evolution (PIPE), and a PIPE version that learns by coevolution (CO-PIPE). TD-Q is based on learning evaluatior
functions (EFs) mapping input/action pairs to expected reward. PIPE and CO-PIPE search policy space directly
They use adaptive probability distributions to synthesize programs that calculate action probabilities from current
inputs. Our results show that linear TD-Q encounters several difficulties in learning appropriate shared EFs. PIPI
and CO-PIPE, however, do not depend on EFs and find good policies faster and more reliably. This suggests that|
some multiagent learning scenarios direct search in policy space can offer advantages over EF-based approach

Keywords: multiagent reinforcement learning, soccer, TD-Q learning, evaluation functions, probabilistic incre-
mental program evolution, coevolution

1. Introduction

Policy-sharing. Multiagent learning tasks often require several agents to learn to cooper-
ate. In general there may be quite different types of agents specialized in solving particula
subtasks. Some cooperation tasks, however, can also be solved by teams of essentia
identical agents whose behaviors differ only due to different, situation-specific inputs. Our
case study will be limited to such teams of agents of identical type. Each agent’s modifiable
policy is given by a variable data structure: for each action in a given set of possible actions
the current policy determines the conditional probability that the agent will execute this
action, given its current input. Each team’s members share both action set and adaptiv
policy. If some multiagent cooperation task indeed can be solved by homogeneous agen
then policy-sharing is quite natural as it allows for greatly reducing the number of adaptive
free parameters. This tends to reduce the number of required training examples (learnin
time) and increase generalization performance, e.g., Nowlan & Hinton (1992).

Challenges of multiagent learning.One challenge is the “partial observability problem”
(POP): in general no learner’s input will tell the learner everything about its environment
(which includes other changing learners). This means that each learner’s environment ma
change in aninherently unpredictable way. Also, in multiagent reinforcement learning (RL)
scenarios delayed reward/punishment is typically given to an entire successful/failing tean
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of agents. This provokes the “agent credit assignment problem” (ACAP): the problem of
identifying those agents that were indeed responsible for the outcome (Weiss, 1996; Crite
& Barto, 1996; Versino & Gambardella, 1997).

Evaluation functions versus search through policy spacehere are two rather obvious
classes of candidate algorithms for learning shared policies in multiagent RL. Class | in-
cludes traditional singleagent RL algorithms based on adaptive evaluation functions (EFs
(Watkins, 1989; Bertsekas & Tsitsiklis, 1996). Usually online variants of dynamic program-
ming and function approximators are combined to learn EFs mapping input-action pairs
to expected discounted future reward. The EFs are then exploited to generate rewardin
action sequences.

Methods from class Il do not require EFs. Their policy space consists of complete al-
gorithms defining agent behaviors, and they search policy space directly. Members of thi:
class are Levin search (Levin, 1973; Levin, 1984; Solomonoff, 1986; Li &nit, 1993;
Wiering & Schmidhuber, 1996; Schmidhuber, 1997a), Genetic Programming (Cramer,
1985; Dickmanns et al., 1987; Koza, 1992) and Probabilistic Incremental Program Evolu-
tion (PIPE, Stustowicz & Schmidhuber, 1997).

Comparison. In our case study we compare two learning algorithms, each representative
of its class: TD-Q learning (Lin, 1993; Peng & Williams, 1996; Wiering & Schmidhuber,
1997) with linear neural networks (TD-Q) and Probabilistic Incremental Program Evolution
(PIPE, S&ustowicz & Schmidhuber, 1997). We also report results for a PIPE variant based
on coevolution (CO-PIPE, $astowicz et al., 1997). We chose TD-Q learning and PIPE
because both methods have already been successfully applied to interesting singleage
tasks (Lin, 1993; Sastowicz & Schmidhuber, 1997) (another reason for choosing TD
learning (Sutton, 1988) is its popularity due to a successful application to backgammon
(Tesauro, 1994)). Linear TD-Q selects actions according to linear neural networks trainec
with the delta rule (Widrow & Hoff, 1960) to map player inputs to evaluations of alternative
actions. We use linear networks to keep simulation time comparable to that of PIPE anc
CO-PIPE—more complex approximators would require significantly more computational
resources. PIPE and CO-PIPE are based on probability vector coding of program instruction
(Schmidhuber, 1997b), Population-Based Incremental Learning (Baluja, 1994; Baluja &
Caruana, 1995) and tree coding of programs used in variants of Genetic Programmin
(Cramer, 1985; Koza, 1992). They synthesize programs that calculate action probabilitie:
from inputs. Experiences with programs are stored in adaptive probability distributions
over all possible programs. The probability distributions then guide program synthesis.

Soccer. To come up with a challenging scenario for our multiagent learning case study
we decided on a non-trivial soccer simulation. Soccer recently received much attention by
various multiagent researchers (Sahota, 1993; Asada et al., 1994; Littman, 1994; Stone «
Veloso, 1996a; Matsubara et al., 1996). Most early research focused on physical coordi
nation of soccer playing robots (Sahota, 1993; Asada et al., 1994). There also have bee
attempts alearninglow-level cooperation tasks such as pass play (Stone & Veloso, 1996a;
Matsubara et al., 1996; Nadella & Sen, 1996). Recently Stone & Veloso (1996b) mentionec
that even team strategies might be learnable byXJB( genetic methods.
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Published results on learning entire soccer strategies, however, have been limited t
extremely reduced scenarios such as Littman’s (1994) tiny §rid world with two single
opponent players. Our comparatively complex case study will involve simulations with
varying sets of continuous-valued inputs and actions, simple physical laws to model ball
bounces and friction, and up to 11 players (agents) on each team. We will include certair
results reported in ($astowicz et al., 1997a, 1997b).

Results overview. Our results indicate: linear TD-Q has severe problems in learning and
keeping appropriate shared EFs. It learns relatively slowly, and once it achieves fairly gooc
performance it tends to break down. This effect becomes more pronounced as team siz
increases. PIPE and CO-PIPE learn faster than linear TD-Q and continuously increase the
performance. This suggeststhat PIPE-like, EF-independenttechniques can easily be applit
to complex multiagent learning scenarios with policy-sharing agents, while more sophisti-
cated and time consuming EF-based approaches may be necessary to overcome TD-C
current problems.

Outline. Section 2 describesthe soccer simulation. Section 3 describes PIPE and CO-PIPE
Section 4 describes TD-Q. Section 5 reports experimental results. Section 6 concludes.

2. Soccer simulations

Our discrete-time simulations involve two teams. There are either 1, 3 or 11 players pel
team. Players can move or shoot the ball. Each player’s abilities are limited (1) by the
built-in power of its pre-wired action primitives and (2) by how informative its inputs are.
We conduct two types of simulationsSimplé simulations involve less informative inputs

and less sophisticated actions thaonrhpleX simulations.

Soccer field. We use a two dimensional continuous Cartesian coordinate system. The
field’s southwest and northeast corners are at positions (0, 0) and (4, 2) respectively. As il
indoor soccer the field is surrounded by impassable walls except for the two goals centere
inthe east and west walls (see figure 1(left)). Only the ball or a player with ball can enter the
goals. Goal widthy-extension) is 0.4, goal deptk-extension beyond the field bounds) is
0.01. The east goal's “middle” is denotetye = (Xge, Yg) With Xge = 4.01 andyy = 1.0

(see figure 1(right)). The west goal’s middle i@}, = (Xgw, Yg) With Xg,, = —0.01.

goal middle = (4.01,1.0)

1.2 - <
0.8

0.0

goal depth = 0.01

0.0 4.0

Figure 1 Left: Soccer field Right: Depth and “middle’mge of east goal (enlarged).
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Figure 2 Ball “reflected” by wall.

Figure 3 Player: centecp = (Xp, Yp), radiusr, and orientatiord, = (g;g).

Ball/scoring. The ball is a circle with variable center coordinatgs= (Xy, Yb), variable
directiondy, and fixed radius, = 0.01. Its speed at timeis denotedv,(t). After having

been shot the ball’s initial speed i (max. Q12 units per time step). Each following
time step the ball slows down due to frictiop; (t + 1) = v, (t) — 0.005 untilvp(t) = 0

or it is picked up by a player (see below). The ball bounces off walls obeying the law of
equal reflection angles as depicted in figure 2. Bouncing causes an additional slow-down
vp(t + 1) = vp(t) — 0.005— 0.001. A goal is scored whenever8< y, < 1.2 A (Xp <

0V Xy > 4.0).

Players. There are two teams consisting #fhomogeneous playekast = {pe, pe,

.., pez} andTyest= {pw1, pwo, ..., pwz}. We vary team sizeZ can be 1, 3 or 11. At
a given time step each playpre TeastU TwestiS represented by a circle with variable center
Cp = (Xp, Yp), fixed radius, = 0.025 and variable orientatias), = (ﬂﬁ;) (see figure 3).
Players are “solid”. If playep, coming from a certain angle, attempts to traverse a wall
then it “glides” on it, loosing only that component of its speed which corresponds to the
movement direction hampered by the wall. Playgrandp; collide if dist(cy, , cp,) < rp,
wheredist(c;, ¢j) denotes Euclidean distance between paointndc;. Collisions cause
both players to bounce back to their positions at the previous time step. If one of them ha:
owned the ball then the ball will change owners (see below).

Initial set-up. A game lasts from timé = 0 to timete,g There are fixed initial positions
for all players and the ball (see figure 4). Initial orientationsGye- (‘01) Vp € Teastand
6p = (é)‘v’p € Twest

Action framework/cycles. Until one of the teams scores, at each discrete time step 0

t < teng€ach player executes a “cycle” (the temporal order of the 2ycles is chosen ran-
domly). A cycle consists of: (1) attempted ball collection, (2) input computation, (3) action
selection, (4) action execution and (5) attempted ball collection. Once Zlkcfcles have
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Figure 4 22 players and ball in initial positions. Playeifsaol or 3player team are those furthest in the back
(defenders and/or goalkeeper).

been executed we move the balbjf > 0. If a team scores dr= tengthen all players and
ball are reset to their initial positions.

1. Attempted ball collection. A player p successfully collects bal if its radiusr, <
dist(cp, ¢y). We then sety :=Cp, v, :=0. Now the ball will move withp and can be
shot byp.

2. Input computation. In simplesimulations playep’s input at a given time is aimple
input vectoris(p, t). In complexsimulations it is aomplexinput vectoric(p, t).

Simple vectorig(p,t) has 14 components: (1) Three boolean inputs (coded with
1= true and-1= false) that tell whether playgs/a team member/an opponent has the
ball. (2) Polar coordinates (distance, angle) of both goals and the ball with respect tc
polec, and polar axi®, (player-centered coordinate system). (3) Polar coordinates of
both goals relative to a ball-centered coordinate system withggaled polar axig,—if
vp = 0, thend, = 0 and the angle towards both goals is defined as 0. (4) Ball speed.
Note that these inputs are not sufficient to make the environment fully observable—e.g..
there is no information about positions of other players.

The 56-dimensional complex vectQ:( p,t) is a concatenation og(p,t) and 21
cp/0p-based polar coordinates of all other players ordered by (a) teams and (b) ascendin
distances t. The environment still remains partially observable, however, since the
player orientations and changing behaviors are not included in the inputs.

TD- Qs PIPE’s, and CO-PIPE’s input representation of distah¢anglew) is 324
(e=2%¢"). This helps TD-Q since it makes close distances and small angles appear mort
important to TD-Q’s linear networks.

3. Action selection. See Sections 3 and 4.

4. Action execution. Depending on the simulation type, playprmay execute either
simpleactions from action s&§SETs or complexactions from action S8SET. ASET&
contains:

e go_forward: move playerp 0.025 units in its current directiody, if without ball and
0.8-0.025 units otherwise.
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e turn_to_ball: change directio, of player p such thaBy := (yb - Xp)

e turn_to_goal change directio®, of player p such thab, := (ﬁ?ej;p) if pe Twest
ando, = (X%”jy’;p), if pe Teast

e shoot If p does not own the ball then do nothing. Otherwise, to allow for imperfect,
noisy shots, executarn(anoisd Which sets, := (anose - 3;&?&%23:23 d§p) where
noiselS picked uniformly random from-5° < apeise < 5°. Thenshootball |n direction
Op := Op. Initial ball speed |sv'“" 0.12. Noise makes long shots less precise than

close passes.

Complex actions ilASET are parameterized. They allow for pre-wired cooperation
but also increase action space. Parametstands for an angle? /O stands for some
teammate player’s/opponent’s index frqty ..., Z — 1}/{1, ..., Z}. IndicesP and
O are sorted by distances to the player currently executing an action, where closel
teammate players/opponents have lower indices. For T4 either picked from

2

={0,Z,%2, -2 —Z}orfroms, = {0, &, g7, —&m, —2m}. PIPE uses continuous

angles Playep may execute the following complex actions fré&«\8ET:

e gotaball(a): If powns ball do nothing. Otherwise exectitien_to_ball, thenturn(«)
(TD-Q: « € s1) and finallygo_forward,

e gotogoal(w): First executdurn_to_goal, thenturn(e) (TD-Q: @ € s) and finally
go_forward.

e gotaowngoal(x): First executeurn(g) such thab, := (ng’jyxpp) (if p € Twes) OF
Op = (Xyggej;g) (if p € Teas); thenturn(e) (TD-Q: & € sy); finally go_forward.

e gotoplayer(P, ): First executéurn(g) such thaby, := (yP‘XF’) thenturn(«) (TD-
Q: @ € 8) and finallygo_forward. Here(P, p € TeastV P, p € Twest) A P # p.

e goto.opponentO, «): First executeurn(g) such thatd, := (§°j§p) thenturn(«)
(TD-Q: @ € s) and finallygo_forward. Here(p € TeastA O € Twes) V (P €
TwestA O € Teas)-

e passto_player(P): First executeturn(8) such thatd,:=(j? ~}?), then shoot
Here P, pe TeastV P, p€ Twest Initial ball speed is set tOv'”It 0.005+
/2-0.005- dist(cp, cp). If vy > 0.12 theny™:=0.12. This ensures that the
ball will arrive atcp at a slow speed, if the distance to the player is not larger than 1.5
(“maximal shooting distance”).

e shootto_goal First executdurn_to_goal, thenshoot where initial ball speed is set
to v = 0.005+ ,/2 - 0.005- dist(c,, My), wheremg = Mg if p € Tyestandmgy =
Mgy if P € Teast If 1M > 0.12 themy|M™ :=0.12.

3. Probabilistic incremental program evolution (PIPE)

We use Probabilistic Incremental Program Evolution (PIPE) to synthesize programs which
given playerp’s input vecton (p. 1), select actions froMASET In simple simulations we
setASET ASE® andi (p,t):= |S(p, t). In complex simulations we s&SET:= ASET

andi (p,t):= |c(p t). We use PIPE as described in {&towicz & Schmidhuber, 1997),
except for “elitist learning” which we omit due to high environmental stochasticity.
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A PIPE alternative for searching program space would be Genetic Programming (GP)
(Cramer, 1985; Dickmanns et al., 1987; Koza, 1992). We chose PIPE over GP becaus
it compared favorably with Koza’s GP variant in previous experimentsu¢Sawicz &
Schmidhuber, 1997).

Action selection. Action selection depends on 5(8) variables when simple (complex)
actions are used: the “greediness” parameterR, and 4(7) “action values’A, € R,
Vae ASET Actiona € ASETis selected with probabilit{,, according to the Boltzmann-
Gibbs distribution at temperatu%e

eAa'g
Pri= — —  VacASET @)
ZVjeASETeA‘ g

All A, andg are calculated by a program.

3.1. Basic data structures and procedures

Programs. In simple simulations a main program®&GRAM consists of a programA®c®
which computes the greediness paramgtand 4 “action programs”®0G* (a € ASETs).

In complex simulations we needBG?, 7 action programs®oG&® (a € ASET:), programs
ProG™ for each angle parameter, progranroR?” for each player parameter and programs
PrOGC for each opponent parameter (for actions using these parameters). The result c
applying FRoGto datax is denoted ROG(x). Giveni (p, 1), PROG (I (p, 1)) returnsA, and
g:= |PROG‘-’(I (p,t))|. An actiona € ASETis then selected according to the Boltzmann-
Gibbs rule—see Assignment (1). In the case of complex actions progrRoe® PROG*P
and RoG*° return values for all parameters of actiana := PROG™ (T(p, ), P=1+
(JroundPROG*P (i (p, 1)))] mod(Z — 1)), O:=1 + (JroundPROG®(i (p, t)))| mod Z).
Recall thatZ is the number of players per team.

All programs Ro&, PROG™, PROG, and RoG° are generated according to distinct
probabilistic prototype trees PPT PPT2*, PPT2?, andPPT?°, respectively. ThéPTs
contain adaptive probability distributions over all programs that can be constructed from a
predefined instruction set. In what follows we will explain how programs and probabilistic
prototype trees are represented and how a progmoGR {PROG, PROG, PROG",
PrROG™®} is generated from the corresponding probabilistic prototypeRRE<c {PPT?,
PPT2, PPT®®, PPT20}. A more detailed description can be found in {{&towicz &
Schmidhuber, 1997).

Program instructions. A program RROG contains instructions from a function st =
{f1, f2,..., fi} with k functions and a terminal s@t = {ti, to, ..., t;} with | terminals.
We useF = {+, —, %, %, sin, cos exp, rlog} andT = {i(p,t)1,...,i(p,1),, R}, where
% denotes protected divisioNY, z € R, z # 0: y%z = y/z andy%0= 1), rlog denotes
protected logarithmMy € R,y # 0: rlog(y) = log(abs§)) and rlog0) = 0), T(p, 9)
1 < j < v denotes componentof a vectorT(p, t) with v components an represents
thegeneric random constart [0; 1).
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Generic random constants.A generic random constant (compare also “ephemeral random
constant” (Koza, 1992)) is a zero argument function (a terminal). When accessed during
program creation, it is either instantiated to a random value from a predefined, problem:-
dependent set of constants (here: 1J) or a value previously stored in tR&T(see below).

Program representation. Programs are encodedrrary trees, witm being the maximal
number of function arguments. Each nonleaf node encodes a functior-feord each leaf
node a terminal fronT. The number of subtrees each node has corresponds to the numbel
of arguments of its function. Each argument is calculated by a subtree. The trees are parse
depth first from left to right.

Probabilistic prototype tree. A probabilistic prototype treeRPT) is generally aomplete

n-ary tree. At each nodly ,, it contains a random constaRy ,, and a variable probability
vector Py ,,, Wwhered > 0 denotes the node’s depth (root node tas 0) andw defines

the node’s horizontal position when tree nodes with equal depth are read from left to right
(0 < w < nY%). The probability vectorﬁd,w havel + k components. Each component
P4, (1) denotes the probability of choosing instructibe F U T at Ny ,,. We maintain:

ZIEFUT Pa,w (1) = 1.

Program generation. To generate a progranRBGfrom PPT, an instructiol € FUT is
selected with probabilityy ,, (1) for each accessed nodlg , of PPT. This instruction is
denoted a$y ,,. Nodes are accessed in a depth-first way, starting at the rootMpgend
traversingPPT from left to right. Oncelq,, € F is selected, a subtree is created for each
argument oflg . If 14, = R, then an instance @R, calledVy ,,(R), replacesR in PROG.

If Py, (R) exceeds a threshollk, thenVy , (R) = Ry..,. OtherwiseVy , (R) is generated
uniformly random from the interval [0; 1).

Tree shaping. A complete PPTs infinite. A “large” PPTis memory intensive. To reduce
memory requirements we incrementally grow and praRds.

e Growing Initially a PPT contains only the root node (node initialization is described
in Section 3.2). Further nodes are created “on demand” whengyee F is selected
and the subtree for an argumentlgf, is missing.

e Pruning We prunePPTsubtrees attached to nodes that contain at least one probability
vector component above a threshdlgl. In case of functions, we prune only subtrees
that arenotrequired as function arguments.

3.2. Learning

We first describe how thePTs are initialized. Then we explain how PIPE guides its search
to promising search space areas by incrementally building on previous solutions.

PPT initialization. For allPPTs, eactPPTnodeNgy ., requires an initial random constant
R4.» and an initial probabilityPy ., (1) for each instruction € F U T. We pick Ry,
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uniformly random from the interval [0; 1). To initialize instruction probabilities we use a
constant user-defined probabiliBt for selecting an instruction frof and(1 — Pr) for
selecting an instruction frork. Py, is then initialized as follows:

1-—

Py (l) = iﬁ Vil eT and Py,(l):= TPT Vi:l eF
Generation-based learning.PIPE learns in successive generations, each comprising 5
distinct phases: (1) creation of program population, (2) population evaluation, (3) learning
from population, (4) mutation of prototype trees and (5) prototype tree pruning.

1. Creation of program population. A population of programs®OGRAM; (0 < j <PS
PSis population size) is generated using the prototype trees as described in Section 3.’
All PPTs are grown “on demand”.

2. Population evaluation. Each program ROGRAM; of the current population is evalu-
ated and assigned a scalar, non-negative “fitness valdlg¢PROGRAM; ), reflecting the
program’s performance. To evaluate a program we play one entire soccer game. We de
fine FIT(PROGRAM;) = 100— number of goals scored IBROGRAM; + number of goals
scored by opponentThe offset 100 is sufficient to ensure a positive score difference
needed by the learning algorithm (see below)FIIT (PROGRAM;) < FIT(PROGRAM ),
then program ROGRAW; is said to embody a better solution than prograRoERAM .
Among programs with equal fitness we prefer shorter ones (Occam’s razor), as measure
by number of nodes.

3. Learning from population. We defineb to be the index of théestprogram of the
current generation and preserve the best fitness found so FT {RROGRAM®') (fit-
ness of the elitist). Prototype tree probabilities are modified such that the probabilities
P(Prod™") of creating eachRod)™" € PROGRAM, increase, where pagt{a,ax,aP,aq.

To computeP (Proc™") we look at allPPTP2 nodesNf’, used to generatedRGE™:

P(PROG)™) = I1 Pa. (1a.0(PROG™),

d,w:N;"used to generaterRRG™"

wherelq.,,(PROG") denotes the instruction of prograrr@&a."" at node position, w.
Then we calculate a target probabilBir e, for each Rog™

& + FIT (PROGRAM®™)
& + FIT (PROGRAMy)

P‘?AagGET = P(PROC{?&“) +1- P(PRoc{fa”)) Ar

Herelr is a constant learning rate amda positive user-defined constant. The frac-
tion % implementditness dependent learniridd!). We take larger steps
towards programs with higher quality (lower fithess) than towards programs with lower
quality (higher fitness). Constant determines the degree dil's influence.

If V FIT(PROGRAM®): ¢ « FIT(PROGRAM®), then PIPE can use small population sizes,
as generations containing only low-quality individuals (WiEHT(PROGRAM) >

FIT(ProGRAM®')) do not affect thd®PTs much.
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Given Piat .+, all single node probabilitie®y ., (14..,(PROG")) are increased iter-
atively (in parallel):

REPEAT UNTIL P(PrOG™")

v

P-FAaIerGET : Pd.U)(Id,w(PROGgan))
Pa.w (14,0 (PROG™))

+¢" - Ir - (1= Pyw(la.u(PROG™)))

Herec" is a constant influencing the number of iterations. The smdllehe higher
the approximation precision chT‘),fQGET and the number of required iterations. We use
¢ = 0.1, which turned out to be a good compromise between precision and speed.
Finally, each random constant inﬁcga”is copied to the appropriate nodeRPTPa":

if 14, (PROG™ = RthenRY := VP2Y(R).

4. Mutation of prototype trees. Mutation is one of PIPE’s major exploration mechanisms.
Mutation of probabilities in alPPTs is guided by the current best solutioRGERAM.
We want to explore the area “aroundk®GRAM,. ProbabilitiesP{> (1) stored in all
nodesN)*" that were accessed to generate progratodRAM, are mutated with a
probability Py, defined as:

ppart _ P
part —

p (l + k) . /|PROG‘gart’ ’

where the user-defined parametey, defines the overall mutation probability and
IPrRoG™"| denotes the number of nodes in prograroB)™". Selected probability vector
components are then mutated as follows:

PPy i= PEA() + mr - (1— PP(1)),

wheremr is the mutation rate, another user-defined parameter. All mutated v@%&s
are finally renormalized.

5. Prototype tree pruning. At the end of each generation we prune all prototype trees, as
described in Section 3.1.

3.3. Coevolution

We also use PIPE to coevolve programs. Each population consists of only two programs witl
mutually dependent performance. Coevolutionary PIPE (CO-PIPE) works just like PIPE,
except that: (1) To evaluate both programs of a populati@@@Am; and FROGRAM,)

we let them play against each oth&lT(PROGRAM ) = 100— number of goals scored by
PrROGRAM + number of goals scored IBROGRAM;, wherei, j € {1, 2} andi # j. (2) The

next generation consists of the winner and a new program generated according to the adapt
PPT. (3) Among programs with equal fithess and length we prefer former winners. (4) We
do not usditness dependent learnings the fithess function changes over time.
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4. TD-Q learning

One of the most widely known and promising EF-based approaches to reinforcement learn
ing is TD-Q learning (Sutton, 1988; Watkins, 1989; Peng & Williams, 1996; Wiering &
Schmidhuber, 1997). We use an offline ’pQ-variant (Lin, 1993). For efficiency reasons
our TD-Q version uses linear neural networks (networks with hidden units require too much
simulation time). To implement policy-sharing we use the same networks for all players
of a team. The goal of the networks is to map the player-specific i?(nn,nt) to action
evaluationsQ( (p, t), &), ..., Q(T(p, t), an), whereN denotes the number of possible
actions. We reward the players equally whenever a goal has been made or the game is ovi

Simple action selection.In simple simulations we use a different network for each of the
fouractions(ay, . . ., a4}. To selectan actioa(p, t) attimet for playerp we first calculate
Q-values of all actions. The Q-value of actian given inputi (p, t) is

QG (p, 1), &) = @*-i(p,t) + bk )

wherewX is the weight vector for action netwokkandbX is its bias strength. Once all
Q-values have been calculated, a single acign t) is chosen according to the Boltzmann-
Gibbs rule—see Assignment (1). Unlike PIPE, which evolves the greediness parameter
TD-Q needs an a priori value far.

Complex action selection.Since complex actions may have 0, 1, or 2 parameters we
use a natural, modular, tree-based architecture. Instead of using continuous angles we u
discrete angles (see Section 2). The root node contains netivérks ., N# for evaluating
“abstract” complex actions neglecting the parameters, pagsto_player. Some specific
root-networkN®’s “angle son networks N, ..., N2 are then used for selecting the
angle parameter. Similarly, player and opponent parameters are selected using “player sc
networks” and “opponent son networks”, respectively. For instance, if an action contains
both player and angle parameters, then there are “son networks” for player-parameters ar
“son networks” for angle parameters. The complete tree contains 64 linear networks.
After computing the seven “abstract” complex action Q-values according to Eq. (2), one
of the seven is selected according to the Boltzmann-Gibbs rule—see Assignment (1). If the
selected action requires parameters we use Eq. (2) to compute the Q-values of all require
parameters and select a value for each parameter according to the Boltzmann-Gibbs rule

TD-Q learning. For both simple and complex simulations we use an offline XJD(
Q-variant similar to Lin’s (1993). Each game consists of separate trials. At trial start we
set time-pointet to current game tim&. We increment after each cycle. The trial stops
once one of the teams scores or the game is over. Denote the final time-poititeiNgy
want the Q-valueQ(i (p, t), ax) of selecting actiory given inputi (p, t) to approximate

QG (p. 1), &) ~ E' 'R,
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wheref denotes the expectation operatog @ < 1 the discount factor which encourages
quick goals (or a lasting defense against opponent goals)Rérigldenotes the reinforce-
ment at trial end-£1 if opponent team scores, 1 if own team scores, 0 otherwise).

To learn these Q-values we monitor player experiences in player-dependent history list:
with maximum sizeHmax. At trial end playerp’s history listH (p) is

H(p) := {{i (p, th, a(p, tH), VA (p, tY)}, ..., {i(p, t*), a(p, t*), V.Q (p, t)}}.

HereV (i (p, t)) :=Max{Q( (p, t), a)}, andt! denotes the start of the history ligt: := t¢,
if t* < Hmax andt! := t* — Hmax + 1 Otherwise.

After each trial we calculate examples using offline TD-Q learning. For each player
history list H (p), we compute desired Q-valu€d™"(p, t) for selecting actiora(p, t),
giveni(p,t) (t =t, ..., t*) as follows:

Q"(p, t*) := R(t).
Q™™(p.t) i=y -[A- Q"™(p,t +1) + (L — 1) - V(i(p.t + )].

A determines future experiences’ degree of influence.

To evaluate the selected complex action parameters we store them in history lists a
well. Their evaluations are updated on tR&*"-values of their (parent) “abstract” complex
actions—Q-values of selected action parameters are not used for updates of other previous
selected action parameters (or selected actions).

Once all players have created TD-Q training examples, we train the selected networks t
minimize their TD-Q errors. All player history-lists are processed by dovetailing as follows:
we train the networks starting with the first history list entry of player 1, then we take the
first entry of player 2, etc. Once all fist entries have been processed we start processing tf
second entries, and so on. The networks are trained using the delta-rule (Widrow & Hoff,
1960) with learning ratér,.

5. Experiments

We conduct two different types of simulations—simple and complex. During simple simu-
lations we use simple inputvectcigsp, t) and simple actions frolASETs. During complex
simulations we use complex input vectd?g(;p, t) and complex actions frorASET. In
simple simulations we compare TD-Q’s, PIPE’s and CO-PIPE’s behavior as we vary team
size. In complex simulations we study the algorithms’ performances in case of more sophis
ticated action sets and more informative inputs. Informative inputs are meant to decreas
POP’s significance. On the other hand, they increase the number of adaptive parame
ters. For a statistical evaluation we perform ten independent runs for each combination o
simulation type, learning algorithm and team size.

5.1. Simple simulations

We play 3300 games of lengtfq = 5000 for team sizes 1, 3 and 11. Every 100 games we
test current performance by playing 20 test games (no learning) against a “biased randor
opponent’BROand summing the score results.
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BROrandomly executes simple actions fré&8ET. BROis not a bad player due to the
initial bias in the action set. For instand@ROgreatly prefers shooting at the opponent’s
goal over shooting at its own. If we IBROplay against a non-acting opponéy® (all
NO can do is block) for twenty 5000 time step games tB&Owins againstNO with on
average 71.5 to 0.0 goals for team size 1, 44.5 to 0.1 goals for team size 3, 108.6 to 0.
goals for team size 11.

We also designed a simple but good te@® by hand. GO consists of players which
move towards the ball as long as they do not have it, and shoot it at the opponent’s goa
otherwise. If we leGO play againsBROfor twenty 5000 time step games th&® wins
with on average 417 to 0 goals for team size 1, 481 to 0 goals for team size 3, and 367 to .
goals for team size 11. Note th@D implements a non-cooperative (singleagent) strategy.
SmallGOteams perform extremely well—larg&O teams with many interacting agents,
however, do not (see team size 11).

PIPE and CO-PIPE set-ups.Parameters for all PIPE and CO-PIPE runs aRy: =
08,6=11Ir=02 Py =01 mr=0.2 Tg = 0.3, Tp = 0.999999. For PIPE we use a
population size oPS= 10, while for CO-PIPE we udeS= 2, as mentioned in Section 3.3.
During performance evaluations we test the current best-of-generation program (except fc
the first evaluation where we test a random program).

TD-Q set-up. After a coarse search through parameter space we used the following pa-
rameters for all TD-Q runsy = 0.99, Ir, = 0.0001 1 = 0.9, Hnax = 100. All network
weights are randomly initialized in{0.01, 0.01]. During each run the Boltzmann-Gibbs
rule’s greediness parametgis linearly increased from 0 to 60.

Results. We compare average score differences achieved during all test phases. Figure
shows results for PIPE, CO-PIPE, and TD-Q. It plots goals scored by learner and opponer
(BRO against number of games used for learning. Larger teams score more frequently
because some of their players start out closer to the ball and the opponent’s goal.

PIPE learns fastest and always finds quickly an appropriate pagardlessof team
size. Its score differences continually increase. CO-PIPE performs worse than PIPE, bu
is still able to find good policies with respectB&RQ Note, however, that CO-PIPE’s task
is more difficult than PIPE’s or TD-Q’s. It never “seeBROduring training and therefore
has no reason for optimizing its strategy against it. Stochastic fluctuations in CO-PIPE’s
performance tend to level out with increasing team size.

TD-Q also improves, but in a less spectacular way. It always learns more slowly than
PIPE and CO-PIPE. It tends to increase score differences until it scores roughly twice a:
many goals as in the beginning (when actions are still random). Then, however, the scor
differences start declining. There are several reasons for TD-Q’s slowness and breakdowr
(1) POP makes learning appropriate EFs difficult. (2) The linear neural networks cannot
keep useful EFs but tend to unlearn them instead. (3) Unlike PIPE, linear TD-Q suffers
from ACAP: it needs to assign proper credit to individual player actions but fails to pick
out the truly useful ones. Below we will describe a deeper investigation of a catastrophic
performance breakdown in the 11 player TD-Q run.

For each learning algorithm ai&lO, Table 1 lists results againBRO(averages over ten
runs). The hand-madeOteam outperforms (in terms of score difference) any of the 1 and
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Table 1 Results of PIPE, CO-PIPE, TD-Q, a@D playing againsBRQ

R.P. SAUSTOWICZ, M.A. WIERING AND J. SCHMIDHUBER

Team size GO PIPE CO-PIPE TD-Q
Maximum score difference 417 310 192 42
1 Average goalst st.d. 41H6 320+ 42 212+ 97 52+ 14
AverageBROgoals + st.d. 0+0 10+7 20+10 10+3
Achieved after games n.a. 3300 3000 1700
Maximum score difference 481 359 310 70
3 Average goalst st.d. 481+ 8 373+ 86 324+ 62 102+ 14
AverageBROgoals + st.d. 0t1 14+ 6 14+11 32+8
Achieved after games n.a. 3300 3200 1700
Maximum score difference 364 481 357 154
11 Average goalst st.d. 36418 512+129 393+ 53 212+-84
AverageBROgoals + st.d. 3t1 31+23 36+ 27 58+ 23
Achieved after games n.a. 3100 1900 2500
PIPE 1-player CO-PIPE 1-player TD-Q 1-player
300 300 Iearr‘\er ‘ ‘ ‘ ‘ - 300 Iea;\er ‘ ‘ ‘ B
250 250 Eppunent ffffff | 250 gpponenl ffffff i
o 200 » 200 W 200 i
] e =
S 150 S 150 S 150 B
100 100 100 B
50 |- 50 50 E T
00 5(‘)0 1(3100 15‘00 2(;00 25T00 3;):)0‘ 00 500 1000 1500 2000 2500 3000 00 5{‘)0 10‘00 15100/2701;0“7275:);) 3(;00
#games #games #games
PIPE 3-players CO-PIPE 3-players TD-Q 3-players
350 |- Ieer‘ner ! ' ' ' - 350 Iearr‘\er ! ' ' ' - 350 Iean‘wer ' ' ' B
300 [oPPOneNt = 7= i 300 [oPPONeNt 300 [oPPORENt —-==== i
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PIPE 11-players CO-PIPE 11-players TD-Q 11 players
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Figure 5 Average number of goals scored during all test phases, for team sizes 1, 3, 11.
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3 player teams. Inthe 11 player case, however, it plays worse than PIPE, while CO-PIPE”
performance is comparable. This indicates that: (1) Successful singleagent strategies me
not suit larger teams. (2) Useful strategies for large teams are learnable by direct policy
search.

How do PIPE and CO-PIPE solve the task€omparing best programs of several succes-
sive generations revealed that both algorithms are able to: (1) quickly identify the inputs
that are relevant for selecting actions, and (2) find programs that compute useful actior
probabilities given the selected inputs. PIPE’s and CO-PIPE’s ability to set the greedines:
parameter helps to control exploration as it makes action selection more or less stochast
depending on the inputs.

TD-Q'’s instability problems. Some linear TD-Q runs led to good performance. This
implies clusters (or niches) in weight vector space that contain good solutions. TD-Q’s
dynamics, however, do not always lead towards such niches. Furthermore, sudden pe
formance breakdowns hint at a lack of stability of good solutions. To understand TD-Q'’s
problems in the 11 player case we saved a “good” network just before breakdown (after
2300 games). Ten times we continued training it for 25 games, testing it every game by
playing twenty test games. To achieve more pronounced score differences we set the gree
parameteg to 90—this leads to more deterministic behavior than the value 42 used before
saving the network.

Figure 6(left) plots the average number of goals scored by TD-B&t@during all test
games against the number of training games. Although initial performance is quite gooc
(the score difference is 418 goals), the network fails to keep it up. To analyze a particular
breakdown we focus on a single run. Figure 6(middle) shows the number of goals scorec
during all test phases, figure 6(right) the relative frequencies of selected actions.

Figure 6(middle) shows a performance breakdown occuring within just a few games.
It is accompanied by dramatic policy changes displayed in figure 6(right). Analyzing the
learning dynamics we found the following reason for the instability: Since TD-Q’s linear
networks learn a global EF approximation, they compute an average expected reward for a
game constellations. This makes the Q-values of many actions quite similar: their weight
vectors differ only slightly in size and direction. Hence, small updates can create large
policy changes. This becomes more likely with increagingrhich enhances the effects

TD-Q 11-players TD-Q 11-players TD-Q 11-players
T T T T T T T T T
500 [ leamer g 500 [ leamer 1+ P(go_forward) ——— B
opponent ------ opponent ------ g P(shoot) —---—-
& - S P(turn_to_ball) -------
00 g P(turn_to_goal)
" E
g 30 b §
=) ﬁ 05 . \ . b
200 |- , g - .
=
oo N PR P i S 0 T
0 5 10 15 20 25 15 0 5 10 15 20 25
#games #games #games

Figure 6 BROagainst TD-Q starting out with a well-trained linear TD-Q network: performance breakdown
study for 11 playersLeft average numbers of goals (means of 10 runsiddle: plot for a single run.Right
relative frequencies of actions selected by TD-Q during the single run.
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of small Q-value differences (a largg however, is necessary to obtain more deterministic
policies).

TD-Q does adapt some weight vectors more than others, however. The weight vecto
of the most frequent action of some rewarding (unrewarding) trial will grow (shrink) most.
For example, according to figures 6(middle) and (right), the agmforward is selected
most frequently by the initially good policy. Two more games, however, cause the behavior
to be dominated by this action. This results in worse performance and provokes a stron
correction in the third game. This suddenly makes the action unlikely even in game con-
stellations where it should be selected, and leads to even worse performance. (Note that |
this particular case after 25 games the policy performs well again—niches can occasionall
be rediscovered.)

For 11 player teams the effect of update steps on the policy is 11-fold (as compared tc
1 player teams) and the instability is much more pronounced. We could not get rid of the
instability problem, neither by (1) bounding error updates nor by (2) lowering learning rates
or lambda. Case (2) actually just causes slower learning, without stifling the effects cause
by relatively equal Q-value assignments to actions.

A promising remedy may be to use action frequency dependent learning rates. This
will make update steps for all actions almost equal such that successes/failures will no
easily lead to dominating actions. Another remedy may be the pocket algorithm (Gallant,
1993) (which stores the best EF found so far) or the more complex success-story algorithr
(Wiering & Schmidhuber, 1996; Schmidhuber et al., 1997a, 1997b) that backtracks once
the reward per time interval decreases.

Yet another promising remedy may be to use local (but more time-consuming) function
approximators such as CMACS (Albus, 1975; Sutton, 1996). CMACS-based TD-Q learners
will not break down as easily, although our preliminary experiments indicate that in case of
simple input vectors they do suffer from the POP. Preliminary CMACS/TD-Q experiments
with complex inputs and simple actions, however, already led to promising results.

5.2. Complex simulations

From now on we focus onteam size 11. One run with complex actions and more informative
inputs consists of 1200 games, each lastingdfpr= 5000 time steps. Again we train PIPE
and TD-Q against the “biased random opponeBiRQ while CO-PIPE learns through
coevolution. Every 100 games we test current performance by playing 20 test games (ni
learning) againsdBROand summing the score results.

PIPE and CO-PIPE set-ups.Parameters for all PIPE and CO-PIPE runs are the same as
used in simple simulations.

TD-Q set-up. Parameters for all TD-Q runs are also the same as used in simple simulations
with the exception thdt,, = 0.001 (several other parameter values led to worse results).

Results. Figure 7 shows the average number of goals scored by PIPE, CO-PIPE, and TD-C
(learners) in comparison 8RO (opponent) during all test phases.

PIPE and CO-PIPE quickly find successful strategies. PIPE’s performance steadily in-
creases while CO-PIPE's is slightly more stochastic. In the long run (after 3300
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Table 2 Maximal average score differences agaBROfor different learning methods ar@O.

GO PIPE CO-PIPE TD-Q
Maximum score difference 364 530 536 46
Average goalst st.d. 367418  551+215 539+220  76+140
AverageBROgoals + st.d. 3t1 21+ 35 3t4 30+ 29
Achieved after games n.a. 1200 1200 900
PIPE 11-players CO-PIPE 11-players TD-Q 11-players
J learner T J learner T T
500 ropponent ------ b 500 opponent ------ 1 500 opponent ------ 1
400 E 400 | \/, 400 | i
| 300 E 8 300 4 8 300 4
U’ 200 B 7 200 B v 200 B
100 1 100 ~ -
0 ”";l(;(; 7777777 BZ)O 77777 172100 0 — 4:)0 EO(; ;;;;;;; 1200 0 400 800 1200
#games #games #games

Figure 7. Average number of goals (means of 10 independent runs) for RIRECO-PIPE fniddlg, and TD-Q
(right) vs. BROusing complex actions and inputs.

games—not shown), however, both are very similar. Note again, though, that CO-PIPE
solves a more difficult task—it is tested against an opponent that it never meets during
training.

Linear TD-Q initially does worse than its opponent. It does learn to BR&by about
50% but then breaks down completely. Examining all single runs we found that TD-Q’s
average score results were strongly influenced by a single good run that scored up to 47
goals. Once this run’s performance broke down after 1000 games the average declined 1
16 goals.

We compare maximal average score differences in Table 2. PIPE and CO-PIPE botl
achieve score differences that are significantly better @@is. Linear TD-Q does not.

Complex actions embody stronger initial bias and make cooperation easier, while more
informative inputs make the POP less severe. In principle, this allows for better soccer
strategies: PIPE and CO-PIPE are able to exploit this and perform better than with simple
actions (figures 5 and 7 and Tables 1 and 2). Linear TD-Q does not. It still suffers from the
problems described in Section 5.1.

6. Conclusion

In a simulated soccer case study with policy-sharing agents we compared direct polic)
search methods (PIPE and coevolutionary CO-PIPE) and an EF-based one (linear TD-Q
All competed against a biased random opponBR@. PIPE and CO-PIPE always easily
learned to beat this opponent regardless of team size, amount of information conveyed b
the inputs, or complexity of actions. In particular, CO-PIPE outperforBie® without

ever meeting it during the training phase. TD-Q achieved performance improvements,
too, but its results were less exciting, especially in case of several agents per team, mol
informative inputs, and more sophisticated actions.
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PIPE and CO-PIPE found good strategies by simultaneously: (1) identifying relevant
inputs, (2) making action probabilities depend on relevant inputs only, (3) evolving pro-
grams that calculate useful conditional action probabilities. Another important aspect is:
unlike TD-Q, PIPE and CO-PIPE learn to map inputs to “greediness values” used in the
(Boltzmann-Gibbs) exploration rule. This enables them to pick actions more or less stochas
tically and control their own exploration process.

TD-Q’s problems are due to a combination of reasons. L{fi¢ar networks. Linear
networks have limited expressive power. They seem unable to &atkeep appropriate
evaluation functions (EFs). Increasing expressive power by adding hidden units (time-
consuming!) or using local function approximators such as CMACS (Albus, 1975; Sutton,
1996) (as proposed by Sutton, personal communication, 1997) may significantly improve
TD-Q’s performance. In fact, initial experiments with CMACS and complex inputs already
led to promising results. (Bartial observability.Q-learning assumes that the environment
is fully observable; otherwise it is not guaranteed to work. Still, Q-learning variants already
have been successfully applied to partially observable environments, e.g., (Crites & Barto
1996). Our soccer scenario’s POP, however, seems harder to overcome than POPs
many scenarios studied in previous work. f@ent credit assignment problefACAP
(Weiss, 1996; Versino & Gambardella, 1997): how much did some agent contribute to
team performance? ACAP is particularly difficult in the case of multiagent soccer. For
instance, a particular agent may do something truly useful and score. Then all the othe
agents will receive reward, too. Now the TD networks will have to learn an evaluation
function (EF) mapping input-action pairs to expected discounted rewards based on expe
riences with player actions that have little or nothing to do with the final reward signal.
This problem is actually independent of whether policies are shared or ndhs(dbility.

Using player-dependent history lists, each player learns to evaluate actions given input
by computing updates based on its own TD return signal. The players collectively update
their shared EF which can lead to significant “shifts in policy space” and to “unlearning”
of previous knowledge. This may lead to performance breakdowns.

Our multiagent scenario seems complex enough to require more sophisticated and time
consuming EF-based approaches than the one we tried. In principle, however, EFs are n
necessary for finding good or optimal policies. Sometimes, particularly in the presence of
POPs and ACAPs, it can make more sense to search policy space directly. Thatis what PIP
and CO-PIPE do. Currently PIPE-like, EF-independent techniques seem to learn faster an
be easier applicable to complex multiagent learning scenarios.
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Note

1. After submission of this paper another recent attempt at learning soccer team strategies in more comple
environments was published (Luke et al., 1997).
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