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Ancillary seat pricing as a
sequential learning algorithm.

e Ancillary seat pricing could basically be seen as
sequential decisions under uncertainty —> Bandit
algorithms.

e Context (flight type, DBD, itinerary, ...) matters in this
learning environment.

¢ To learn, we need exploration, but we can’t afford too

much revenue loss.
Context

® Today’s main underlying methods for bandit problems
are all heuristics to balance exploration-exploitation:

Kevin Duijndam, KLM for AGIFORS Annual Symposium
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Three main underlying heuristic
mechanisms to decide in bandit context.

Epsilon-Greedy

Upper Confidence Bound (UCB)

Thompson Sampling

A
B

Y

Choose the arm with the highest
cl)bserved pay-off with probability
-€.

With probability € choose random
arm to explore.

Track observed pay-off, and add
optimistic exploration bonus.

Pick the arm with highest
optimistic estimate.

Maintain an estimated pay-oftf
distribution per arm, take random
sample from this posterior
distribution for pay-off estimation
in this round.

Pick arm with highest pay-off.
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But we could introduce a fourth:

from Contextual Bandit to Belief-MDP.

e Main point, treat knowledge of pay-off distribution as part of
the state:

e I an augmented state space, combining the state estimates
for the arm pay-off distributions, and the context, so

A = & X € with a specific state represented as (s, ¢) with
s the pay-off distribution estimates, and ¢ the context.

¢ Then, we can analytically model the value of information gain
in future states.

o P(s’,c’| (s,c),a)isthen the transition probability from
state (s, ¢) to (s', ¢’) when action a is taken, as determined
by the Bayesian update.

With that, we can plan exploration instead of heuristically letting
that happen, and we could use value iteration to find the
optimal policy.

Posterior
(+context)

| Update belief " - Choose price "

S Observe sales 3 ol
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Value Iteration to solve a
Contextual Bandit problem.

V(s, c) = max [R((S, c),a) + yE[V(s, ") | (s, ), a]]

acA

Clear advantages:

e No need to balance exploration-exploitation heuristically with e.g. an artificial exploration
bonus; in the expectation for the next state, the exact valuation of potential future states is
calculated.

e \/alue function can be calculated offline, online only lookup necessary.
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Contextual Value Iteration
algorithm.

Algorithm 1 Contextual Value Iteration (finite-context variant)

Require: discount -y, horizon limit H, offline tolerance ¥
1: Offline: run value iteration on a grid of (m, X, a) until ||V,11 — V,||co < ¥; store V*
2: fort=1,...,H do
3: observe context c; and posterior state s;

i a,  argmax,{R(z,,a) + YE[V*(2') | 2,0]}
5 play a;, observe q; and c;41

6: update (m, X)) via posterior calculation

7 aCt,Ct+1 — actact-l-l + 1

8: end for
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Seat pricing model.

At each round f we observe a discrete context ¢, € {0,1} with ¢ = 0 denoting leisure and ¢ = 1
denoting business demand. We choose a price a, € & from a small finite grid and realise seats sold

Y, ~ Poisson(dy(c,, @) ,  Aglc,a) = exp (0'¢(c, a))
with revenue r, = a,y, . Context evolves exogenously via a Markov kernel u(c’ | c¢).

To capture that business is less price elastic, we use a 4-dimensional feature map

p(c,a) = [Lal{c=1},1{c=1}-a|

with corresponding parameter names 6 = 6’0, 0., 0,0, pr . This gives the log-intensity
log A4(c,a) = 6y + 6, - a+ Bpl(c = 1) +6, 1lc =1)"d
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Seat pricing model.

If we then maintain a Gaussian beliefon @ : 8 ~ / (m, 2), then the Bellman update at (m, ¢)
takes the form

(TV)(ma C) — II;E}Q)J( al + 4 _yNPOiSSOH(/l) _C/NM(.,C)V(m,(y), C,)

Running value iteration on this finite state space yields a table V* and a greedy policy 7*(m, ¢)
that we can use for online look-up.
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Seat pricing model.

This can all be implemented and
compared against relevant baselines.

CV]
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LinUCB 60

0 23 45 68 90

Algorithm run time (seconds)

Cumulative expected regret

Seat pricing (Poisson GLM)
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But, we run into the curse of dimensionality
when calculating the value function.

With this toy-sample, we see the approach works,
but it’s a very small sample. The value function grows
in number of arms, parameters for pay-off
distribution, and context dimensions.

So, we need to approximate the value function in an
efficient manner —> Deep Learning.

Kevin Duijndam, KLM for AGIFORS Annual Symposium

£
0000

KLIM Travel Well



Kevin Duijndam, KLM for AGIFORS Annual Symposium

Deep Value Iteration using a dual-stream

neural network.

Approximate the value function using a dual stream
neural network.

Base stream (left) learns per-arm uncertainty, and
context stream (right) learns context corrections.
Both streams are then combined to learn influence
of context on per-arm uncertainty.

With this, value function can be approximated to
arbitrary precision, and trade-off of training time vs
precision can be chosen.

Per-arm Normalized
p?ur’amefzr S context
Shared Llnear
embedding projection
(d=32) (d/m -> 64)
MLPbase MLP ntext
(3-layers, 64->32, (3 layers, 64->32,
Rel.U) RelU)

Concatenate
base | Vcontext]

MLpfus ion
(3-layers, 32->1,
RelLU- >L/near)

Value V(s c)
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Deep Value Iteration using a dual-stream
neural network.

With a synthetic problem with a much larger number A5‘?'fc£;.:39%d§tth:_r,'oBSn:’ﬁt
of arm (20) and context (10) dimensions, Deep Value
lteration outperforms strong baselines.
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Deep Value Iteration does have

its attention points.

Network design can impact performance linked to
concrete problem, and without online testing, no
clear way to know right design.

And more importantly, as in any Bayesian approach,
prior misspecification can break performance.

Average Final Cumulative Regret
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Main take-aways.

Ancillary seat pricing could logically be seen as a contextual multi-armed bandit problem.

Instead of heuristic approaches to balance exploration-exploitation, we could also use an
exact approach from OR, value iteration.

On small problems, this can be calculated in an exact manner providing the optimal solution.

On lager problem instances, we can approximate this through deep learning, to still find a
much better approach than relevant baselines.

However, we need to be careful in network design and prior choice to ensure good
nerformance.

£
0000

KLIM Travel Well



,.).

— ‘ UNIVERSITEIT
KLIM Travel Well N°  AMSTERDAM

>
<
[
a4
Ll
I_
n
>
<
-
Ll
I_
n
o
Ll
>
Z
>
Ll
-
a4
>
od
>
-l
X

AIR FRANCE -

GROUP

AIRFRANCEKLM




