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Ancillary seat pricing as a 
sequen9al learning algorithm.
• Ancillary seat pricing could basically be seen as 

sequenDal decisions under uncertainty —> Bandit 
algorithms. 

• Context (flight type, DBD, iDnerary, …) maOers in this 
learning environment. 

• To learn, we need exploraDon, but we can’t afford too 
much revenue loss. 

• Today’s main underlying methods for bandit problems 
are all heurisDcs to balance exploraDon-exploitaDon:  

• ε-greedy 

• UCB 

• Thompson Sampling

Context

Choose price

Observe sales

Update 
learning



Epsilon-Greedy Upper Confidence Bound (UCB) Thompson Sampling

Choose the arm with the highest 
observed pay-off with probability 
1-ε.  

With probability ε choose random 
arm to explore.

Track observed pay-off, and add 
opDmisDc exploraDon bonus. 

Pick the arm with highest 
opDmisDc esDmate.

Maintain an esDmated pay-off 
distribuDon per arm, take random 
sample from this posterior 
distribuDon for pay-off esDmaDon 
in this round.  

Pick arm with highest pay-off.
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Three main underlying heuris9c 
mechanisms to decide in bandit context.
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But we could introduce a fourth: 

from Contextual Bandit to Belief-MDP.
• Main point, treat knowledge of pay-off distribuDon as part of 

the state: 

•  an augmented state space, combining the state esDmates 
for the arm pay-off distribuDons, and the context, so 

 with a specific state represented as  with 
 the pay-off distribuDon esDmates, and  the context. 

• Then, we can analyDcally model the value of informaDon gain 
in future states. 

•  is then the transiDon probability from 
state  to  when acDon  is taken, as determined 
by the Bayesian update. 

With that, we can plan exploraDon instead of heurisDcally le^ng 
that happen, and we could use value itera9on to find the 
op9mal policy.

𝒳
𝒳 = 𝒮 × 𝒞 (s, c)
s c

P(s′ , c′ ∣ (s, c), a)
(s, c) (s′ , c′ ) a

Posterior 
(+context)

Choose price

Observe sales

Update belief
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Value Itera9on to solve a 
Contextual Bandit problem.

Clear advantages: 

• No need to balance exploraDon-exploitaDon heurisDcally with e.g. an arDficial exploraDon 
bonus; in the expectaDon for the next state, the exact valuaDon of potenDal future states is 
calculated.  

• Value funcDon can be calculated offline, online only lookup necessary. 

V(s, c) = max
a∈A

[R((s, c), a) + γ𝔼[V(s′ , c′ ) ∣ (s, c), a]]
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Contextual Value Itera9on 
algorithm.
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Seat pricing model.

At each round  we observe a discrete context  with  denoDng leisure and  
denoDng business demand. We choose a price  from a small finite grid and realise seats sold 

 

with revenue  . Context evolves exogenously via a Markov kernel .  

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

 

with corresponding parameter names . This gives the log-intensity 
. 

t ct ∈ {0,1} c = 0 c = 1
at ∈ 𝒫

yt ∼ Poisson(λθ(ct, at)) , λθ(c, a) = exp (θtϕ(c, a))
rt = atyt μ(c′ ∣ c)

ϕ(c, a) = [1,a,1{c = 1},1{c = 1} ⋅ a]t

θ = [θ0, θp, θb0, θbp]log λθ(c, a) = θ0 + θp ⋅ a + θb01(c = 1) + θbp1(c = 1) ⋅ a
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Seat pricing model.

If we then maintain a Gaussian belief on , then the Bellman update at  
takes the form 

 

Running value iteraDon on this finite state space yields a table  and a greedy policy  
that we can use for online look-up.

θ : θ ∼ 𝒩(m, Σ) (m, c)

(TV)(m, c) = max
a∈𝒫 [aλ + γ𝔼y∼Poisson(λ) [𝔼c′ ∼μ(.,c)V(m′ (y), c′ )]]

V* π*(m, c)



Ke
vi

n 
Du

ijn
da

m
, K

LM
 fo

r A
GI

FO
RS

 A
nn

ua
l S

ym
po

siu
m

Seat pricing model.
This can all be implemented and 
compared against relevant baselines.

CVI

LinTS

LinUCB

0 23 45 68 90
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Algorithm run time (seconds)
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But, we run into the curse of dimensionality 
when calcula9ng the value func9on.

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

So, we need to approximate the value funcDon in an 
efficient manner —> Deep Learning.
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Deep Value Itera9on using a dual-stream 
neural network.

Approximate the value funcDon using a dual stream 
neural network. 

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

With this, value funcDon can be approximated to 
arbitrary precision, and trade-off of training Dme vs 
precision can be chosen. 
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Deep Value Itera9on using a dual-stream 
neural network.

With a syntheDc problem with a much larger number 
of arm (20) and context (10) dimensions, Deep Value 
IteraDon outperforms strong baselines. 

DVI
LinUCB
LinTS

TreeUCB
0 300 600 900 1200

1.000
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1.100

Algorithm run time (seconds)
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Deep Value Itera9on does have 
its aTen9on points.

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

And more importantly, as in any Bayesian approach, 
prior misspecificaDon can break performance.
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Main take-aways.

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

• Instead of heurisDc approaches to balance exploraDon-exploitaDon, we could also use an 
exact approach from OR, value iteraDon. 

• On small problems, this can be calculated in an exact manner providing the opDmal soluDon. 

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

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