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Abstract

Multi-agent learning in Markov Decisions Prob-
lems is challenging because of the presence of two
credit assignment problems: 1) How to credit an
action taken at time stepfor rewards received at

t" > t; and 2) How to credit an action taken by
agent; considering the system reward is a function
of the actions of all the agents. The first credit as-
signment problem is typically addressed with tem-
poral difference methods such as Q-learning or
TD(A). The second credit assignment problem is
typically addressed either by hand-crafting reward
functions that assign proper credit to an agent, or
by making certain independence assumptions about
an agent’s state-space and reward function. To
address both credit assignment problems simulta-
neously, we propose the “Q Updates with Imme-
diate Counterfactual Rewards-learning” (QUICR-
learning) designed to improve both the convergence
properties and performance of Q-learning in large
multi-agent problems. Instead of assuming that an
agent’s value function can be made independent
of other agents, this method suppresses the im-
pact of other agents using counterfactual rewards.
Results on multi-agent grid-world problems over
multiple topologies show that QUICR-learning can
achieve up to thirty fold improvements in perfor-
mance over both conventional and local Q-learning
in the largest tested systems.
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30 times. Based on this evidence, we can say with high con-
fidence that action sequenegis better than action sequence
a1. Now, consider the situation where a large team of rovers
were used to build the dome. How does one evaluate the ac-
tions of a single rover in such a case? Suppose roteok
action sequence; ; for 100 episodes and the dome collapsed
50 times. In addition rovei took action sequence; s, for

100 different episodes and the dome collapsed 30 times. Can
we claim that action sequenag, was better than action se-
quenceqa; 1?7 Not with the same confidence with which we
claimed that action sequeneg was better than action se-
quencea; for the single rover case. Furthermore, our confi-
dence will drop even further as the number of rovers in the
system grows. This is because in a task withomogeneous
agents, on average, the choice of action sequence by agent
i (a;,1 Of a;2) will likely have an impact of% on the sys-
tem performance. As a consequence, teasing out the impact
a;,1 will require far more iterations, as one needs to ascer-
tain thata; ; was indeed a poorer choice thay,, and not
merely taken during episodes where the collective actions of
the other agents were poor.

The difficulty here arises from evaluating an individual
agent’s actions using a function that, a-priori, all the agents
impact equally. In such a case, a standard Q-learner is not
equiped to handle the “structural” credit assignment problem
of how to apportion the system credit to each individual agent.
As an alternative, we present “Q Updates with Immediate
Counterfactual Rewards learning” (QUICR-learning), which
uses agent-specific rewards that suppress the impact of other
agents. Rewards in QUICR-learning are both heavily agent-
sensitive, making the learning task easier and aligned with
the system level goal, ensuring that agents receiving high re-
wards are helping the system as a whole. These agent-specific

A critical issue in the multi-agent reinforcement learning pro-reward functions are then used with standard temporal differ-

cess is the structural credit assignment problem: how to reence methods to create a learning method that is significantly
ward a single agent's action choices when the reward we infaster than standard Q-learning in large multi-agent systems.
tend to maximize is a function of all of the agents’ actions. Currently the best multi-agent learning algorithms address
As an example consider how to reward construction rovershe structural credit assignment problem by leveraging do-
building a dome. This reward can be computed by measumain knowledge. In the robotic soccer for example, player
ing the performance of the rovers’ actions over a series ofpecific subtasks are used, followed by tiling to provide good
episodes. For example in a single rover scenario, suppose tisgenvergence properti¢Stoneet al., 2004. In a robot coor-
rover took action sequence;, for 100 episodes in simula- dination problem for the foraging domain, specific rules in-
tions and the dome collapsed 50 times. Then the agent toakucing good division of labor are creatgbbnes and Mataric,
action sequencesy, for 100 episodes and the dome collapsed200d. In domains where groups of agents can be assumed to



be independent, the task can be decomposed by learning a $iein. The goal of Q-learning is to create a policy that max-
basis functions used to represent the value function, wherenizes the sum of future reward®;(s.(a)), from the cur-
each basis only processed a small number of the state varient state[Kaelbling et al, 1996; Sutton and Barto, 1998;
ables[Guestrinet al, 2004. Also multi-agent Partially Ob- Watkins and Dayan, 1992 It does this by maintaining ta-
servable Markov Decision Precesses (POMDPSs) can be sinles of Q-values, which estimate the expected sum of future
plified through piecewise linear rewarfi¥air et al., 2003. rewards for a particular action in a particular state. In the
There have also been several approaches to optimizing @-D(0) version of Q-learning, a Q-valu€)(s;, a;), is updated
learning in multi-agent systems that do not use independenaeith the following Q-learning rulé:

assumptions. For a small number of agents, game theoretic

techniques were shown to lead to a multi-agent Q-learning AQ(st, at) = a(ry + mawaQ(si41,a)) - )

a!gorithm proven to converdélu and Wellman, 1998 In ad- The assumption with this update is that the actien
dition, the equivalence between structural and temporal credjf 1,05t responsible for the immediate reward but is
%Sgﬁgcﬂegésvézsoihé’g;egﬁ%or%g% gcri]gv-\ll—grrgesrﬁ()zv(\?r?étlsinrgpro somewhat less responsible for the sum of future rewards,
T—t . . . .
; : L . : T s a)). This assumption is reasonable since
.rr)ultl—agentllearn! ng by prov@mg better exploration Capab"'revl:/a}dstm (thtg l;lStJZe are affected %y uncertain future actions
ities [Chalkiadakis and Boutilier, 2003 In large systems

: ; - .and noise in state transitions. Instead of using the sum of fu-
g?&?emsegvr%hh\%scéggr.?gﬁ ie\c/ii Cckr;a ed);t fggljlgnment In congest ure rewards directly to update its table, Q-learning uses a Q-

, . : . value from the next state entered as an estimate for those fu-
fasl?ctgésvg?peirégvii ﬁ:ﬁﬁﬁgt SnLtJ:gg;:ﬁ]arg'gr%;\{E'SCCVE;L%VJ?::'L_Ure rewards. Under benign assumptions, Q-values are shown

: 9 9 rning ’ fo converge to the actual value of the future rewditlatkins
suming that the full system reward is linearly separable or re- nd Dayan, 1992

quiring hand tuning based on domain knowledge. In Sectiors’ Eventhough Q-learning addresses the temporal credit as-

2 we discuss the temporal and structural credit assignmen ; .
pcblems n mul-agert ystms, and Gescriv tre QUICKASIST, PO (2. propery apportons th afects ofal
learning algorithm. In Section 3 we present results on twa P ’

: ; : : iImmediate reward in a multi-agent system still suffers from
variants of a multi-agent gridworld problem, showing thatthe structural credit assignemtn problem (i.e., the reward is
QUICR-learning performs up to thirty times better than stan- illaf . fallth o dard O-I .
dard Q-learning in multi-agent problems still a function of all the agents’ actions). Standard Q-learning

' does not address this structural credit assignment problem
and an agent will get full credit for actions taken by all of the

2 Credit Assignment Problem other agents. As a result when they are many agents, standard

The multi-agent temporal credit assignment problem consist-learning is generally slow since it will take many episodes

of determining how to assign rewards (e.g., credit) for a sefor an agent to figure out its impact on a reward it barely in-

quence of actions. Starting from current time steghe  fluences.

undiscounted sum of rewards till a final time stBan be .

represented by: 2.2 Local Q-Learning

- One way to address the structural credit assignment problem
— and allow for fast learning is to assume that agents’ actions

Ri(se(a)) = Z reenk(se+r(a) - (1) are independent. Without this assumption, the immediate re-

k=0 ward function for a multi-agent reward system may be a func-

whereq is a vector containing the actions of all agents at alltion of all the states:

time stepss; (a) is the state function returning the stateadif re(se.1(a1), 5e.2(a1) sen(an))

agents for for a single time step, ands) is the single-time- BTEITLL SB2EL )y - - o5 SEmiBn /)

step reward function, which is a function of the stateslbf  wheres; ;(a;) is the state for agertand is a function of only

of the agents. agenti's previous actions. The number of states determining
This reward is a function of all of the previous actions of the reward grows linearly with the number of agents, while

all of the agents. Every reward is a function of the states of althe number of actions that determine each state grows linearly

the agents, and every state is a function of all the actions thatith the number of time steps. To reduce the huge number of

preceded it (even though it is Markovian, the previous stateactions that affect this reward, often the reward is assumed to

ultimately depend on previous actions). In a system with be linearly separable:

agents, on averag@ + T actions affect reward. Agents need

to use this reward to evaluate their single action, yet even in ri(sy) = Zwirt7i(5t’i(ai)) .

the idealized domains presented Section 3, with one hundred i

agents and thirty-two time steps there are an average of 16

actions affecting the reward! 0IQnen each agent receives a reward which is only a func-

tion of its action. Q-learning is then used to resolve the re-
2.1 Standard Q-Learning maining temporal credit assignment problem. If the agents

Reinforcemgnt learners such as Q-learning address how to This paper uses undiscounted learning to simplify notation, but
assign credit of future rewards to an agent’s current acall the algorithms also apply to discounted learning as well.



are actually independent, this method leads to a significantious states, making its use troublesome in a learning task
speedup in learning as an agent receives direct credit for itsvolving both a temporal and structural credit assignment.
actions. If the agents are coupled, then the independence as-In order to overcome this shortcoming of Equation 3, let us
sumption still allows fast learning, but the agents will tend tomake the following two assumptions:

converge to the wrong policy. With loose coupling the bene- 1 - the counterfactual — a.; action moves agenitto an
fits of the assumption may still outweigh the costs when there absorbing states, that is independent of of its current
are many agents. However, when agents are tightly coupled,  ¢iate.

the independence assumption may lead to unacceptable solu- )
tions and may even converge to a solution that is worse than2- The future state of agents other than ageare not af-

random[Wolpert and Tumer, 2041 fected by the actions of agent
. The first assumption forces us to compute a counterfactual
2.3 QUICR-Learning state that is not necessarily a minor modification to agent

In this section we present QUICR-learning, a learning algocurrent state. Therefore, differential function estimation tech-
rithm for multi-agent systems that does not assume that theiques that rely on a small change in agénfe.g., Taylor se-
system reward function is linearly separable. Instead it usedes expansion) state cannot be used. However, each agent's
a mechanism for creating rewards that are a function of altountefactual state is for itself (e.g, not computed for other
of the agents, but still provide many of the benefits of hand-agents) and a single time step (e.g., the countefactual states do
crafted rewards. Many hand-crafted multi-agent learning alhot propagate through time). The second assumption holds in
gorithms exploit detailed knowledge about a domain to pro-many multi-agent systems, since to reduce the state-space to
vide agent rewards that allow the system to maximize a globaihanageable levels, agents often do not directly observe each
reward. These rewards are designed to have two beneficiather (though are still coupled through the reward).
properties: they are “aligned” with the overall learning task Given these conditions, the counterfactual state for titne
and they have high “sensitivity” to the actions of the agent. & is computed from the actual state at timgk, by replacing

The first property of alignment means that when an agenthe state of agent at time¢ with s,. Now the difference
maximizes its own reward it tends to maximize the overallreward can be made into a Markovian function:
system reward. Without this property, a large multi-agent ,
szstem can lead to agents perfgrmr;ng)lljselessgwork, or vgorse, di(se) = 1e(s0) = re(se — 500+ 50) )
working at cross-purposes. Reward sensitivity means that aghere the expressios — s+ + s, denotes replacing agent
agent's reward is more sensitive to its own actions than tq's state with state,,.
other agents actions. This property is important for agents to Now the Q-learning rule can be applied to the difference

learn quickly. reward, resulting in the QUICR-learning rule:
QUICR-learning is based on providing agents with rewards

that are both aligned with the system goals and sensitive tothe ~ AQ(st,ar) = a(re(se) — re(se — sei + sp)

agent's states. It aims to provide the benefits of hand-crafted +maz,Q(st+1,a))

algorithms without requiring detailed domain knowledge. In

a task where the reward can be expressed as in Equation 1, let = aldi(s) + mazaQ(si1,@)) - ()

us introduce the difference reward (adapted frdWolpert Note that since this learning ruis Q-learning, albeit ap-
and Tumer, 200) given by: plied to a different reward structure, it shares all the conver-
i _ ‘ gens properties of Q-learning. In order to show that Equa-
Di(se(a)) = Re(se(a)) — Re(se(a — ar;)) tion 5 leads to good system level behavior, we need to show

wherea — a;; denotes a counterfactual state where agent that agenti maximizing d;(s;) (e.g., following Equation5)
has not taken the action it took in time stege.g., the ac-  will maximize the system rewarc,. Note that by definition
tion of agenti has been removed from the vector containing(s: — s¢; + s) is independent of the actions of ageénsince
the actions of all the agents before the system state has be#ris formed by moving agentto the absorbing state, from
computed). Decomposing further, we obtain: which it cannot emerge. This effectively means the partial
differential of di(s;) with respect to ageritis?:

T—t
Di(s¢(a)) = Z Ttk (St+k(a)) — repr(Serk(a — ari))
k=0 9 dz _ 0
. e i(se) = 2 (re(se) = re(se — sei + sv))
2 Ak (st+k(a), sern(a —arg)) . (3) _ a%rt(st) _ Ert(St — S1i+ sp)
whered,(s1, s2) = r+(s1) — (s2). (We introduce the single _ Qr (5:) — 0
time step “difference” reward, to keep the parallel between I A
Equations 1 and 3). This reward is much more sensitive to an )
agent’s action tham; since much of the effects of the other = 5Tt(8t)~ (6)
agents are subtracted out with the counterfaditvalpert and ¢
Tumer, 2001 Unfortunately in generad; (s, s2) is non- 2Though in this work we show this result for differentiable states,

Markovian since the second parameter may depend of prehe principle applies to more general states, including discrete states.



Therefore any agent using a learning algorithm to op- 12
timize di(s;) will also optimizer;(s;). Furthermore, note 1r
that QUICR-learning converges not only to a globally de- 0.8 -
sirable solution (e.g., it statisfies the first property of being g g |
aligned with the system level goal), but it also converges
faster since the rewards are more sensitive to the actions oP'4 i -
agenti because it removes much of the effects of the other 0.2 | <
agents through the counterfactual subtraction.

3 Multi-agent Grid World Experiments

We performed a series of simulations to test the performance
of Q-Learning, Local Q-Learning and QUICR-Learning for Figure 1: Distribution of Token Values in “Corner” World
multi-agent systems. We selected the the multi-agent Grid
World Problem, a variant of the standard Grid World Prob-
lem [Sutton and Barto, 1998 In this problem, at each time
step, the agent can move up, down, right or left one grid AQurcr (st ar) = a(ri(se) — re(se—s¢i+sp) +
square, and receives a reward (possibly zero) after each move. mazaQuecr(sir1,a)),
The observable state space for the agent is its grid coordinate . . .
and the reward it receives depends on the grid square to Whiéﬁheregt — st + sy IS the state resulting from removing agent
it moves. In the episodic version, which is the focus of this? ¢ State and replacing it with the absorbing stafe
paper, the agent moves fo_r a fixed_number of time steps, afl o Results
then is returned to its starting location.

In this paper we compare learning algorithms in a multi-

the effect of other agents’ actions:

To evaluate the effectiveness of QUICR-learning in the multi-
agent Grid World, we conducted experiments on two different

agent version of the grid world problem. In this instance of A X \ .
; L - <itypes of token distributions. The first set of tokens is designed
the problem there are multiple agents navigating the grid Slto force congestion and tests the ability of QUICR-learning

multaneously influencing each other_s' rewards. In this prob—i domains where the reward function is far from being lin-
lem agents are rewarded for observing tokens located in the rly separable. The second set is randomly generated from
g::g.sﬁsg?etggﬁmg\?g:t?(lnus?gﬁgglfgnzm%zgir?g;ﬁ\??ngs é'iussian kernels, to illustrate that the QUICR-learning capa-
into a grid square it observes a token and receives a reward f } Igﬁrsng]inafg\c/)gr}rr:ar}gscsrzfée%r?gg]\?jlnl(\)Acl:lgll |2zrr?]2?s§)m tokens
the value of the token. Rewards are only received on the fir In all the ex eri?nents thg Iearnin7 rate was sel ﬁ) the
observation of the token. Future observations from the agent tioNns Were crr)msen using agreedygé — 0.15) explération

or other agents d(-) not receive rewards in the same Ef‘plsc’de'%heme and tables were initially set to zéro with ties broken
two agents move into the same square at the same time. Morg

precisely,r; is computed by summing the agents at the Saméandomly.
location as unobserved tokens, weighted by the value of thg 3 corner World Token Value Distribution

tokens: , . . . . .
" The first experimental domain we investigated consisted of
re(se) = Z Z Vils,i=r; - @) a world where the “highly valued” tokens are concentrated in
v one corner, with a second concentration near the center where
wherel® is the indicator function which returns one when anthe rovers are initially located. Figure 1 conceptualizes this
agent in state, ; is in the location an unobserved tokén.  distribution for a 20x20 world.
The global objective of the multi-agent Grid World Problem  Figure 2a shows the performance for 40 agents on a 400
is to observe the highest aggregated value of tokens in a fixeghit-square world for the token value distribution shown in

number of time steps T. Figure 1, and where an episode consists of 20 time steps (er-
ror bars of+ oneo are included, though in most cases they
3.1 Learning Algorithms are smaller than the symbols). The performance measure in
In each algorithm below, we use the TD(0) update rule. Thdhese figures is sum of full rewards, (s;)) received in an
standard Q-learning is based on the full reward episode, normalized so that the maximum reward achievable
is 1.0. Note all learning methods are evaluated on the same
AQ(st,at) = a(ri(st) + maz,Q(st41,a)) . (8) reward function, independent of the reward function that they

_ . . , are internally using to assign credit to the agents.
Local Q-learning is only a function of the specific agent's own - 1ha results show that local Q-learning generally produced

state: poor results. This problem is caused by all agents aiming
AQioe(st,a1) = a Vil _ 4 mazeQuoc(si11,a)). to acquire the most valuable tokens, and congregating to-
Qroc(s1, a¢) (Z I eei=Ly Quoc(st+1,0)) wards the corner of the world where such tokens are located.
In essence, in this case agents using local Q-learning com-
QUICR-learning instead updates with a reward that is a funcpeted, rather than cooperated. The agents using standard Q-
tion of all of the states, but uses counterfactuals to suppredsarning did not fare better, as the agents were plagued by

J
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Number of Agents other hand were not strongly affected by the increase in the

size of the problem, and outperformed local and standard Q-
lerners by a factor of thirty for the largest system. This is
because QUICR-learning agents received rewards that were

the credit assignment problem associated with each agent r%gth aligned with the sytem goal had high agent sensitivity
ceiving the full world reward for each individual action they (-€-less affected by the size of the system). This result un-
took. Notice though that though local Q learning agents hiderscores the need for using rewards that suppress the affect
a performance plateau early, the standard Q-learning agen® Other agents actions in large systems.
continue to learn, albeit slowly. This is because standard Q; C
learning agents are aligned with the system reward, but hava-4 R@ndom World Token Value Distribution
low agent sensitivity. Agents using QUICR-learning on thein the second set of experiments, we investigate the behav-
other hand learned rapidly, outperforming both local and stanior of agents in a gridworld where the token values are ran-
dart Q-learning by a factor of six (over random rovers). domly distributed. In this world, for. agents, there are/3
Figure 3 explores the scaling properties for each algorithmGaussian ‘attractors’ whose centers are randomly distributed.
As the number of agents was increased, the difficulty of thérigure 4 shows an instance of the gridworld using this distri-
problem was kept constant by increasing the size of the gridbution for the 20x20 world, used in the experiments with 40
world, and allocating more time for an episode. Specificallyagents.
the ratio of the number of agents to total number of grid The results in Figures 5 and 6 show that agents using
squares and the ratio of the number of agents to total valuQUICR-learning are insensitive to changes in the token value
of tokens was held constant. In addition the ratio of the fur-distribution. Agents using local Q-learning perform signifi-
thest grid square from the agents’ starting point to the totatantly better in this case, showing a much larger sensitivity
amount of time in an episode was also held constant (e.gtp the token distribution. The improvements are due to the
40 agents, 20x20 grid, 20 steps, 100 agents, 32x32 grid, 3&reading of tokens over a larger area, which allows agents
time steps). The scaling results show that agents using botiming (and failing) to collect high valued tokens to still col-
local and standard Q-learning deteriorate rapidly as the numect mid to low-valued tokens, surrounding the high valued
ber of agents increases. Agents using QUICR-learning on thiokens. In this domain, agents using standard Q-learning per-

Figure 3: Scaling Properties of Different Payoff Functions.
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- learning framework QUICR-learning uses the difference re-
S 16 F/{—}—/‘\'\% ward computed with immediate counterfactuals. While elim-
2 ] inating much of the influence of other agents, this reward was
< 0.5 [Hrmm 1 shown mathematically to be aligned with the global reward:
3 agents maximizing the difference reward will also be maxi-
S 04} ] mizing the global reward. Experimental results in two Grid
& QUICR-Learning _H"EJ World problems, confirm the analysis showing that QUICR-
T 03 Ko, Q-Learning <1 learning learns in less time than standard Q-learning, and
o g Local Q-Learning -] achieves better results than Q-learning variants that use local
© 02t P S (Random) . e ; .
e e rewards and assume linear separability. While this method
£ 01} B S was used with TD(0) Q-learning updates, it also naturally ex-
@ tends to TDAQ), Sarsa-learning and Monte Carlo estimation.
0 : : : : : : : : In domains with difficult temporal credit assignment issues,
10 20 30 40 50 60 7O 80 90 100 the use of these other variants could be beneficial.
Number of Agents
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