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BT’s Multi-skilled Workforce

• Multiple types of jobs each requiring different skills.
• Over 30,000 engineers working in the field.
• Jobs and supply hours both aggregated by skill.

The Three Stages of Planning

How many?
What skills?

How many hours
to supply?

Who does what,
and when?

Strategic Tactical Operational

Tactical Planning: matching supply (engineers’ hours) with demand
(job-hours) across all days and skills.

BT’s Tactical Planning Problem
On each day t = 1, . . . , T :
1 A plan should give the number of engineer-hours to dedicate to each
skill j ∈ J := [J ] on each day τ ∈ T (t) := {t + 1, . . . , t + L}.

2 Jobs are either appointed (AP) or non-appointed (NA):
a AP: done on their due date.
b NA: done by their due date.

3 The forecasts for numbers of NA and AP jobs due on each τ for each
j are updated.

Task: create a new plan automatically, given the old plan and new
demand, to maximise job completions in the future.

A Sequential Planning Model
Re-solving a planning model every day can be inefficient. Instead, we update
the old plan. At the start of day t = 1, . . . , T :
• Yesterday’s plan is P t, it covers all j ∈ J and τ ∈ T (t− 1).
• The newest job-forecasts are utj,τ , vtj,τ for each (j, τ ).
• There are ctτ hours of supply still unallocated on each day τ ∈ T (t).
• The state of the system is defined as St = (P t, ut, vt, ct).

Given St, we want to adjust P t to create P t+1. For each (j, τ ):
1 N t

j,τ is the number of hours of supply to add into the plan.
2 Rt

j,τ is the number of hours of supply to remove from the plan.
3 M t

j,τ,τ−k is the number of NA jobs to move from day τ to τ − k.

Using our action at time t, At = (N t,M t, Rt), the new plan and capacities are:
P t+1 = P t +N t −Rt,
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A feasible action At ∈ A(St) satisfies a number of constraints, e.g. not adding
more supply than is available, not moving jobs to days with no free supply, etc.

The cost of At given St, where q(P t+1, ut, vt) is a penalisation for missed jobs, is:

C(At, St) =
∑
j∈J

∑
τ∈T (t)


kmax∑
k=1

aj,kM
t
j,τ,τ−k − pjN t

j,τ + wjR
t
j,τ

 + q(P t+1, ut, vt),

The objective is minA∈A(S)

{∑T
t=1C(At, St)

}
.

Two Myopic Algorithms

Currently we have only studied algorithms that are myopic (short-sighted):
1 MYO: solve the problem at each t as a linear program, minAt∈A(St)C(At, St).

2 GREEDY : based on how a human might create the plan:

a Add supply to cover as many
jobs as possible, prioritising AP.

b Move incomplete NA jobs to
days with spare supply.

c Remove any extra supply that
cannot be used.
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Experiments and Results

To study how the algorithms compare, we tested them each on the
same 100 sets of T = 100 days of demand, with J = L = 7.

Results Summary: GREEDY is much faster, but has higher
cost. However, the output plans are almost identical, so there isn’t
really any reason not to use GREEDY.

Future Work and Project Aims
1 Incorporate planning levers, i.e. ways to control
capacity to complete more jobs (e.g. overtime, contractors).

2 Predict due dates. BT only estimate the number of jobs
that will exist, not that will be due, on each day.

3 Use reinforcement learning algorithms to produce plans
that won’t need to be changed in the future.
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