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Introducción

El sector de servicios es el 80% del PIB de los Estados Unidos.
Una gran parte de este sector involucra transacciones en ĺınea.

El costo de experimentar lo domina el costo de oportunidad
por no prestar el servicio óptimo.

Experimetar tiene un costo marginal muy bajo (en
contraposición a lo que sucede con otro tipo de servicios que
requieren estudios de mercado, etc.).

Otra carcateŕıstica importante es la posibilidad de hacer un
monitoreo continuo de cualquier experimento (e.g., UBER).

Ilustramos el uso de la teoŕıa de bandidos multiarmados para
descubrir conocimiento de la forma más rápida y económica
posible.
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A/B Testing: Asignación aleatoria

Dos versiones de una pagina web. La tasa de conversion en
cada una es p = 0,001 y p = 0,0011.

Las paginas se asignan de forma aleatoria a cada visitante.

Para detectar esas diferencias en tasas de conversion
aleatorizando 50-50, se necesitan muchas observaciones:
Aproximadamente 2.5 millones de observaciones de cada arma
para una confianza del 95% o 0.5 millones cada una con 50%
de confianza.



A/B Testing: Thompson sampling

Se hacen 100 simulaciones. Cada simulación se interrumpe
cuando el arrepentimiento relativo es menor al 5%.

En cada simulacion (que pueden ser millones de interacciones
con la página web), después de 100 observaciones (visitas a
cada pagina por simulación), se actualizan los parámteros de
la prior usando la regla de Bayes.

En las simulaciones, en el 84% se eligió la página óptima (B).



A/B Testing
La figura muestra (panel izquierdo) el número de simulaciones
necesarias para terminar el experimento. Por ejemplo, en el
70% de los experimentos, basta con medio millón de
interacciones para terminar el experimento.
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Figure 1: (a) Histogram of the number of observations required in 100 runs of the binomial bandit described
in Section 4.1. (b) The number of conversions lost during the experiment period. The vertical lines show
the number of lost conversions under the traditional experiment with 95% (solid), 50% (dashed), and 84%
(dotted) power.

4.1 A/B Testing

Among internet companies, the term “A/B testing” describes an experiment comparing a list of

alternatives along a single dimension, which statisticians would call the “one way layout”. An A/B

test often involves only two alternatives, but the term is sometimes sloppily applied to experiments

with multiple alternatives. A canonical example of A/B testing is website optimization, where

multiple versions of a web site are constructed, traffic is randomly assigned to the different versions,

and counts of conversions are monitored to determine which version of the site performs the best.

A “conversion” is an action designated by the site owner as defining a successful visit, such as

making a purchase, visiting a particular section of the site, or signing up for a newsletter.

Consider two versions of a web site that produce conversions according to independent binomial

distributions. Version A produces a conversion 0.1% of the time (p = .001) and version B produces

conversions 0.11% of the time (p = .0011). To detect this difference using a traditional experiment

with 95% power under a one-sided alternative we would need roughly 4.5 million observations

(2,270,268 in each arm). If we decreased the power to .5 we would need slightly more than 1.1 million

(567,568 in each arm). The regret for each observation assigned to version A is .0011−.001 = .0001,

so for every 10,000 observations assigned to version A we lose one conversion.

Figure 1 shows the results from simulating the multi-armed bandit process 100 times under

7

Figura: AB Testing
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2 Recomendación de Art́ıculos de Noticias

3 Canastas de Productos

4 Recomendacion de listas

Thompson Sampling: Aplicaciones Econoḿıa Digital Uniandes y Quantil
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Recomendación de Art́ıculos de Noticias

Una pagina web interactua con una sucesion de usuarios:
t = 1, 2, 3..

En cada ronda, el administrador de la página web, observa un
vector de caracteŕısticas del usuario t, zt ∈ Rd (e.g., visitas
anteriores, caracteŕısticas demográficas, geográficas, d́ıa de la
visita, etc). Este elige un art́ıculo para mostrarle
Ξ = {1, ..., k} y se observa una recompensa ri ∈ {0, 1} (i.e., le
gusto o no el art́ıculo).

Suponemos que (i.e., bandidos con contexto):

P(ri = 1 | xt = i , θi , zi ) = g(zTt θi ) =
1

1 + e−zTt θi

Definimos el arrepentimiento (i.e., error) como:
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Recomendación de Art́ıculos de Noticias

Definimos el arrepentimiento (i.e., error) como:

regrett(θ1, ..., θk) = máx
i

g(zTt θi )− g(zTt θi )

Para más detalles véase: A Contextual-Bandit Approach to
Personalized News Articles Recommendation. Li, Langford,
Schapire [2012].



Recomendación de Art́ıculos de Noticias

50 Further Examples

drawn from a Bernoulli distribution with success probability 1/6. Each
components of zt could, for example, indicate presence of a particular
feature, like whether the user is a woman or is accessing the site from
within the United States, in which the corresponding component of
θx would reflect whether users with this feature tend to enjoy article
x more than other users, while the first component of θx reflects the
article’s overall popularity.

Figure 7.1: Performance of different algorithms applied to the news article recom-
mendation problem.

Figure 7.1 presents results from applying Laplace and Langevin
Monte Carlo approximations of Thompson sampling as well as greedy
and ε-greedy algorithms. The plots in Figure 7.1 are generated by
averaging over 2, 000 random problem instances. In each instance, the
θx’s were independently sampled from N(0, I), where I is the 7 ×
7 identity matrix. Based on our simulations, the ε-greedy algorithm
incurred lowest regret with ε = 0.01. Even with this optimized value, it
is substantially outperformed by Thompson sampling.

We conclude this section by discussing some extensions to the
simplified model presented above. One major limitation is that the
current model does not allow for generalization across news articles.
The website needs to estimate θx separately for each article x ∈ X ,
and can’t leverage data on the appeal of other, related, articles when
doing so. Since today’s news websites have thousands or even millions

Figura: k = 3, d = 7, z1 = 1 y las otras seis caracteŕısticas son binarias y
se generan aleatoriamente con una distribución de Bernoulli con
probabilidad de acierto 1

6 . Promedios de 2,000 simulaciones. θi ∼ N(0, I ).
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Modelo

Un agente tiene para la venta i = 1, ..., n productos. El
beneficio neto de vender i es pi . Dado que los productos
pueden ser sustitutos o complementos, el objetivo es armar
canastas de productos que maximizen el beneficio neto.

xt ∈ {0, 1}n. Variable indicador de que productos ofrece en t.

Una vez se ofrecen los productos se observa una demanda di .

Sea θ una matriz k × k .

Suponemos que: log(di ) | θ, x ∼ N((θx)i , σ
2) donde la

varianza es conocida.

Obsérvese que si el producto i es ofrecido:
(θx)i = θii +

∑
j ̸=i xjθij .

Obsérvese que la demanda de i depende de todos los
productos ofrecidos.
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Modelo

Cuando se ofrece x la recompensa esperada es:

E

[
n∑

i=1

pixidi | θ, x
]
=

n∑
i=1

pixie
(θx)i+

σ2

2 . (1)

y el obejetivo del agente es maximizar este pagado esperado.
Para hacer esto tiene que aprender θ.

Supongamos que p(θ) es Normal multivariada (prior
conjugada).
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Canastas de Productos

54 Further Examples

m = 9 for the best performance in this problem. Figure 7.2 shows that
TS outperforms both variations of ε-greedy in this problem.

Figure 7.2: Regret experienced by different learning algorithms applied to product
assortment problem.

7.3 Cascading Recommendations

We consider an online recommendation problem in which an agent learns
to recommend a desirable list of items to a user. As a concrete example,
the agent could be a search engine and the items could be web pages.
We consider formulating this problem as a cascading bandit, in which
user selections are governed by a cascade model, as is commonly used
in the fields of information retrieval and online advertising (Craswell
et al., 2008).

A cascading bandit model is identified by a triple (K,J, θ), where K
is the number of items, J ≤ K is the number of items recommended in
each period, and θ ∈ [0, 1]K is a vector of attraction probabilities . At
the beginning of each tth period, the agent selects and presents to the
user an ordered list xt ∈ {1, . . . ,K}J . The user examines items in xt
sequentially, starting from xt,1. Upon examining item xt,j , the user finds
it attractive with probability θxt,j . In the event that the user finds the
item attractive, he selects the item and leaves the system. Otherwise,
he carries on to examine the next item in the list, unless j = J , in

Figura: Canastas de Productos
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Modelo de cascadas

Supongamos que queremos recomendar J ≤ K items (i.e.,
páginas web) de un máximo de K .

Sean θ ∈ [0, 1]K un vector de probabilidad de atracción de la
página.

Al uduario se le muestra en orden los items xt ∈ {1, ...,K}J .
El usuario los examina en orden, la atractividad el item j es
θxt,j .

El recomendador observa yt = j si el usuario selecciona xt,j y
yt = ∞ si no selecciona nada.
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Modelo de cascadas

La recompensa es rt = r(yt) = 1{yt ≤ J}
Para cada lista x = (x1, . . . , xJ) y θ′ ∈ [0, 1]K , sea:

h(x , θ′) = 1−∏J
j=1

[
1− θ′xj

]
.

luego la recompensa esperada en t es E [rt |xt , θ] = h(xt , θ).

El objetivo es:

x∗ ∈ maxx : |x |=Jh(x , θ) (2)

seleccionar los J items con las probabilidades de atracción
más altas.

El arrepentimiento por periodo es:

regrett(θ) = h(x∗, θ)− h(xt , θ) (3)



Modelo de cascadas

Figura: Cascadas
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