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I. I NTRODUCTION
We consider a setting where coalition members wish to use
a pool of heterogeneous resources (e.g., a computational
cloud or edge network) to complete their tasks. These tasks
have varying resource requirements, different values and they
arrive dynamically over time. Given this, we are interested in
designing a resource allocation mechanism that decides how
to dispatch these tasks to the resources, in order to maximise
the total value derived. Existing work has demonstrated that
reinforcement learning is a promising approach in these types
of settings [1]. However, that work has neglected that task
owners may behave strategically and misreport the characteristics of their tasks when this is in their interest [2]. In
this paper, we use the framework of mechanism design to
address this issue, and we show how to design a mechanism
based on reinforcement learning that ensures several desirable
properties, including dominant-strategy incentive compatibility
and individual rationality [3].
II. S YSTEM M ODEL
We consider a setting with discrete time steps T =
{1, 2, . . . , Tmax }. There is a set of tasks I = {1, 2, . . .} that
arrive dynamically over time, and each task i is characterised
by an arrival time ai , a deadline di , a required quantity of work
qi and a value vi . Together, we describe the type of task i as
θi = (ai , di , qi , vi ). We use θt to denote the tasks that have
arrived by time t (i.e., those with ai ≤ t), and we use θ = θTmax
to denote all tasks that arrive over the time horizon. To service
tasks, there is a set of m resources: R = {1, 2, . . . , m}. Each
resource r produces pr ∈ R+ units of work per time step.
Tasks can be allocated to resources — we assume that once
started, the resource will work on the task until completed
(i.e., tasks are non-interruptible), and a resource can work on
at most one task per time step. Thus, when allocating task i to
a resource r, the resource will be occupied for dqi /pr e time
steps. We denote the set of free resources (i.e., those that are
t
not occupied) at time step t as Rfree
.
Given this, at every time step t, we need to decide which
available tasks to allocate to which unoccupied resources.
t
We denote this decision as πt (i, θt ) ∈ Rfree
∪ {0}, where
t
πt (i, θ ) = r means that task i will be allocated to resource r
at time t and πt (i, θt ) = 0 means that task i is not allocated
at time t. Note the dependence on θt , i.e., allocation decisions

have to be made based only the tasks that have arrived by
time t. We assume that tasks are only allocated once, i.e.,
∀i : |{t ∈ T | πt (i, θt ) 6= 0}| ≤ 1. Finally, we use π to denote
the policy that determines πt at every time step, and we use
xi (π, θ) to indicate whether task i was completed successfully
by its deadline:

xi (π, θ) =



1


0

if ∃t ≥ ai , r > 0 :
πt (i, θt ) = r ∧ t + dqi /pr e ≤ di
otherwise

(1)

Our objective is to maximise the total value derived from
tasks that complete within their deadline, which we denote as
the
P social welfare. More formally, we define this as W (π, θ) =
i∈I xi (π, θ) · vi .
Clearly this is challenging, because allocation decisions
have to be made online, before future arrivals are known. In
practice, some probabilistic information about these may available, in which case we wish to find a policy that maximises
the expected social welfare:
max Eθ {W (π, θ)}
π

(2)

Theorem 1. Solving this problem is NP-hard.
III. R EINFORCEMENT L EARNING A LGORITHM
In principle, the resource allocation problem can be formulated
as an MDP and solved using standard reinforcement learning
techniques. However, the state space is very large, primarily
because it needs to represent the tasks that have not been
allocated to resources yet, as well as the current availability
of resources (i.e., when they will next become available).
Furthermore, the action space is potentially very large too, as
multiple tasks can be allocated to different resources at each
time step.
Thus, we significantly simplify the state space by myopically considering each unallocated task in isolation and
deciding which resource to allocate this task to, or to postpone
it, i.e., leave it unallocated until the next time step. We assume
that the ordering of tasks is decided by a prioritisation policy
ρ : 2Θ × T → Θ. This policy takes the set of available,
unscheduled tasks that have not been considered at a given
time step yet, and it returns the next task to consider.

Algorithm 1 shows a generic algorithm for this simplified
resource allocation problem.
Algorithm 1 Generic algorithm for simplified resource allocation problem
1: θwait ← ∅
2: o1,...,m ← 0
3: πt (i) ← 0, ∀t, i
4: for t ∈ {1, . . . , T } do
5:
Update θ t
6:
θwait ← θwait ∪ {θi ∈ θ t | ai = t}
7:
θ 0 ← θwait
8:
while θ 0 6= ∅ do
9:
θi ← ρ(θ 0 , t)
10:
j ← RL-C HOOSE(θi , t, o1,...,m )
11:
v←0
12:
if j 6= 0 then
13:
θwait ← θwait \ {θi }
14:
πt+oj (i) ← j
15:
oj ← oj + dqi /pj e
16:
if t + oj ≤ di then
17:
v ← vi
18:
end if
19:
end if
20:
RL-R EWARD(v)
21:
θ 0 ← θ 0 \ {θi }
22:
end while
23:
θwait ← {θi ∈ θwait | di > t}
24:
for j ∈ R do
25:
oj ← max(0, oj − 1)
26:
end for
27: end for
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Here, different reinforcement learning algorithms could be
used to implement functions RL-C HOOSE and RL-R EWARD,
which, respectively, pick an appropriate action to take in a
given state, and signal the received reward to the reinforcement
learning algorithm. Algorithm 2 shows a simple implementation of this, which uses a linear function approximator to pick
the best action. This uses a weight vector wj for each action
j, which is used to estimate the value of taking an action in
a particular state using a weighted sum of the state features.
Algorithm 2 Simple reinforcement learning algorithm
1: wj
. Initial weights for j ∈ {0, 1, . . . , m}
2: slast , alast , vlast , s
. Last state transition
3:
4: procedure RL-C HOOSE(θi , t, o1,...,m )
5:
s ← [1, di − t, qi , vi , t, o1 , . . . , om ]
. State
6:
U PDATE -W EIGHTS(slast , alast , vlast , s)
7:
slast ← s
8:
for j ∈ {0, . . . , m} do
9:
qj ← swj
10:
end for
11:
return argmaxj∈{0,...,m} qj
12: end procedure
13:
14: procedure RL-R EWARD(v)
15:
vlast ← v
16: end procedure

IV. D EALING WITH S TRATEGIC AGENTS
In practice, task owners should be seen as strategic agents
that may misreport their types, if this is to their benefit.1 To
consider such cases, we assume that task types are reported
as θ̂i = (âi , dˆi , q̂i , v̂i ). We make the standard assumptions
1 We assume each task owner is associated with exactly one task — thus,
there is no collusion. We will consider other settings in future work.

of limited misreports, i.e., âi ≥ ai , dˆi ≤ di and q̂i ≥ qi . We
are now interested in modifying the algorithm presented in the
previous section to ensure the desirable properties of dominant
strategy incentive compatibility and individual rationality [3].
This can be achieved by combining the allocation rule π with
a payment rule τ .
Due to space reasons, we omit the technical details and only
outline the two key steps in achieving this:
• Monotonicity of schedule actions: We ensure that the
action j = 0 (i.e., postpone the task) becomes less
desirable as agents report a better type (i.e., higher value,
later deadline, smaller size). This is done by adjusting the
weight vector w0 as necessary.
• Repeated evaluation: We ensure that tasks are evaluated
again at each time step whenever resource availability
changes. This prevents strategic manipulation of the
queue order.
We design a new resource allocation mechanism with these
two properties called M ONO -RL. In terms of payments, this
charges agents their critical values (i.e., the minimum values
they could report and still remain allocated). With this, we
show:
Theorem 2. M ONO -RL is dominant strategy incentive compatible and individually rational.
V. C ONCLUSIONS
Our work has addressed the important area of resource allocation with strategic agents. In particular, we have presented the
first algorithm based on reinforcement learning that adaptively
learns the best scheduling actions to take and is robust to
strategic manipulations.
ACKNOWLEDGMENT
This research was sponsored by the U.S. Army Research
Laboratory and the U.K. Ministry of Defence under Agreement Number W911NF-16-3-0001. The views and conclusions
contained in this document are those of the authors and should
not be interpreted as representing the official policies, either
expressed or implied, of the U.S. Army Research Laboratory,
the U.S. Government, the U.K. Ministry of Defence or the
U.K. Government. The U.S. and U.K. Governments are authorized to reproduce and distribute reprints for Government
purposes notwithstanding any copy-right notation hereon.
R EFERENCES
[1] H. Mao, M. Alizadeh, I. Menache, and S. Kandula, “Resource management with deep reinforcement learning.” in HotNets, 2016, pp. 50–56.
[2] S. Stein, E. Gerding, V. Robu, and N. Jennings, “A model-based online
mechanism with pre-commitment and its application to electric vehicle
charging,” in Proceedings of the 11th International Conference on Autonomous Agents and Multiagent Systems (AAMAS’12), 2012, pp. 669–
676.
[3] N. Nisan, T. Roughgarden, E. Tardos, and V. Vazirani, Algorithmic game
theory. Cambridge University Press, 2007.

