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Motivación

La liberalización del sector eléctrico ha tenido como uno de
sus principales propósitos promover la eficiencia de la
prestación de un servicio escencial para la sociedad, de forma
confiable, con calidad, etc.

Desde un punto de vista económico, en mercados
descentralizados la prescripción normativa es promover la
competencia (i.e., mitigar el poder de mercado).
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Motivación: El Problema

Cómo garantizar una operación eficiente en un mercado con la
carcteŕısticas propias del mercado eléctrico:

1 Demanda inelástica.
2 Concentración de mercado.
3 Altos costos de almacenamiento.
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Motivación: Modelo

El modelo de Cournot como forma de racionalizar el problema
y la propuesta de solución.

Un mercado con pocas firmas en competencia a la Cournot.

En equilibrio:

Markup ≡ P − CMi

P
= −1

ε

Qi

Q

CMi es el costo marginal del recurso i .
P es el precio de bolsa.
ε es la elasticidad de la demanda del mercado.
Qi disponibilidad del recurso i .
Q demanda agregada.
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Experiencia internacional

Existe un consenso en la necesidad de introducir un
mecanismo de monitoreo y seguimiento del mercado tal que:

1 Permita identificar potenciales abusos de poder de mercado.
2 Introduzca medidas de mitigación exante y/o punitvas expost.

Ejemplos: OFGEM (Gran Bretaña), Nordpool (páıses
Escandinavos), FERC (Estados Unidos), NYISO (Nueva
York), PJM (Centro Estados Unidos) CAISO (California), etc.
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En una cáscara de nuez...

1 Construcción indicadores de competencia (IOR).

2 Validación de la relevancia de los indicadores (dependencia del
IOR con markups y contratos).

3 Hacia una metodoloǵıa de detección y generación de alertas
basada en aprendizaje de máquinas.



Indicador de oferta residual
El IOR del recurso i se define como:

IOR =

∑
j Qj − Qi

Q

Es una generalización continua de concepto de agente pivotal.

IOR vs Agente Pivotal

IOR o 
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¿Qué pasó?
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Figura: IOR vs. Agente Pivotal
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Indicador de oferta residual

Teoŕıa (el modelo de Cournot nuevamente):

Markup ≡ P − CMi

P
= −1

ε
(1− IORi )

Incluimos importaciones y excluimos recursos determińısticos
(no restamos los contratos al no existir información pública
horaria - subestimamos el IOR).

No tenemos información de mantenimientos (no es púbica) ni
fallas (sobrestimamos la oferta residual y por lo tanto el IOR).
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fallas (sobrestimamos la oferta residual y por lo tanto el IOR).



Indicador de oferta residual: recursos

Figura: IOR por recurso



Indicador de oferta residual: agentes

Figura: IOR por agentes



Indicador de oferta residual: agentes horas pico vs. valle

Figura: IOR por agentes horas pico vs. valle



Markups y contratos

Tres ideas (evidencia sugestiva):
1 Relación entre markups basados en costos marginales

estimados desde un punto de vista de ingenieŕıa (estimación de
costos - Riascos, Camelo, de Castro, Oren, Papavasiliou.
[2016], [2018]).

2 Markups basados en costos marginales estimados desde un
punto de vista económico (i.e., costos revelados en un modelo
de competencia - Carranza, Martin, Riascos [2019] y
Garcia-Rendón, Pérez-Libreros [2019]).

3 Relación con contratos.
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Relación con markups: Ingenieŕıa

Figura: IOR por agentes



Relación con contratos: disponibilidad (neta de contratos)

Figura: IOR por agentes



Interludio

La estrategia general de deteccion de anomaĺıas en los datos
es una tarea estándar y muy estudiada en aprendizaje de
máquinas.

Ejemplos:
1 Sistemas de administración de riesgo de lavado de activos y

financiación del terrorismo (SARLAFT - Superintendencia
Financiera).

2 Anomaĺıas en la información de la base de suficiencia del
Ministerio de Protección Social.
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Interludio: Cuatro lecciones del aprendizaje de máquinas

Enfatizar la diferencia y/o relación entre causalidad y
predicción.

El problema de aproximación y estimación.

Regularización.

Validación cruzada.
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Interludio: El problema de aproximación y estimación

y

x

Figure 1: Suppose we want to estimate a functional dependence from a set of examples (black dots).
Which model is preferable? The complex model perfectly fits all data points, whereas the straight
line exhibits residual errors. Statistical learning theory formalizes the role of the capacity of the
model class, and gives probabilistic guarantees for the validity of the inferred model (from Schölkopf
and Smola (2002)).

There exist two different types of consistency in the literature, depending on the taste of the
authors, and both of them are usually just called “consistency” without any distinction. To
introduce these concepts, let us make the following notation. Given any particular classification
algorithm, by fn we will denote its outcome on a sample of n training points. It is not important
how exactly the algorithm chooses this function. But note that any algorithm chooses its functions
from some particular function space F. For some algorithms this space is given explicitly, for others
it only exists implicitly via the mechanism of the algorithm. No matter how this space F is defined,
the algorithm attempts to chooses the function fn ∈ F which it considers as the best classifier in
F, based on the given training points. On the other hand, in theory we know precisely what the
best classifier in F is: it is the one that has the smallest risk. For simplicity, we assume that it is
unique and denote it as fF, that is

fF = argmin
f∈F

R(f). (3)

The third classifier we will talk about is the Bayes classifier fBayes introduced in Equation (2)
above. This is the best classifier which exists at all. In the notation above we could also denote it
by fFall

(recall the notation Fall for the space of all functions). But as it is unknown to the learner,
it might not be contained in the function space F under consideration, so it is very possible that
R(fF) > R(fBayes). With the notation for these three classifiers fn, fF, and fBayes we can now
define different types of convergence:

Definition 1 Let (Xi, Yi)i∈N be an infinite sequence of training points which have been drawn
independently from some probability distribution P . Let ` be a loss function. For each n ∈ N, let
fn be a classifier constructed by some learning algorithm on the basis of the first n training points.

1. The learning algorithm is called consistent with respect to F and P if the risk R(fn) converges
in probability to the risk R(fF) of the best classifier in F, that is for all ε > 0,

P (R(fn)−R(fF) > ε)→ 0 as n→∞.

2. The learning algorithm is called Bayes-consistent with respect to P if the risk R(fn) converges
to the risk R(fBayes) of the Bayes classifier, that is for all ε > 0,

P (R(fn)−R(fBayes) > ε)→ 0 as n→∞.

3. The learning algorithm is called universally consistent with respect to F (resp. universally
Bayes-consistent) if it is consistent with respect to F (resp. Bayes-consistent) for all proba-
bility distributions P .

7

Figura: Sobreajuste y complejidad



Interludio: El problema de aproximación y estimación
38 2. Overview of Supervised Learning
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FIGURE 2.11. Test and training error as a function of model complexity.

be close to f(x0). As k grows, the neighbors are further away, and then
anything can happen.

The variance term is simply the variance of an average here, and de-
creases as the inverse of k. So as k varies, there is a bias–variance tradeoff.

More generally, as the model complexity of our procedure is increased, the
variance tends to increase and the squared bias tends to decrease. The op-
posite behavior occurs as the model complexity is decreased. For k-nearest
neighbors, the model complexity is controlled by k.

Typically we would like to choose our model complexity to trade bias
off with variance in such a way as to minimize the test error. An obvious
estimate of test error is the training error 1

N

∑
i(yi − ŷi)

2. Unfortunately
training error is not a good estimate of test error, as it does not properly
account for model complexity.

Figure 2.11 shows the typical behavior of the test and training error, as
model complexity is varied. The training error tends to decrease whenever
we increase the model complexity, that is, whenever we fit the data harder.
However with too much fitting, the model adapts itself too closely to the
training data, and will not generalize well (i.e., have large test error). In

that case the predictions f̂(x0) will have large variance, as reflected in the
last term of expression (2.46). In contrast, if the model is not complex
enough, it will underfit and may have large bias, again resulting in poor
generalization. In Chapter 7 we discuss methods for estimating the test
error of a prediction method, and hence estimating the optimal amount of
model complexity for a given prediction method and training set.

Figura: Aproximación y estimación



Lasso: Least absolute shrinkage and selection operator

El problema de optimización:

ḿın
(β0,β)

1

2N

N∑

i=1

(yit − β0 − xTit β + Ri )
2 + λ||β||1 (1)

Los hiperparámetros se eligen con validación cruzada.



Lasso: Capacidad predictiva
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Figura: Desempeño predictivo



Lasso: Detección de ofertas at́ıpicas
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Figura: Distribución de la oferta A
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Lasso: Detección de ofertas at́ıpicas
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Hacia una propuesta de monitoreo

Prueba de conducta:
1 Identificar aquellos agentes pivotales (bajo IOR).
2 Entre los pivotales, identificar aquellos que pontencialmente

pudieron haber abusado de su poder de mercado (detección de
anomaĺıas en las ofertas).

3 Generar alertas ex-ante.

Prueba de impacto.
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Gracias!

www.alvaroriascos.com
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