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Load forecasting

• Load forecasting is important for energy management tasks 

• Forecasting methods exploit consumption patterns influenced by multiple 
factors such as hours of the day, holidays, or weather conditions

• Energy demand is uncertain due to consumer behaviors or unexpected events
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Load consumption patterns change over time
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Load consumption patterns change over time
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Online learning
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Online learning
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Probabilistic forecasting techniques
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Problem formulation

8

Forecasting algorithms obtain a vector of      forecasts corresponding with future 
loads

given an instance vector of past loads and observations related to future loads

where    is the time when the load is measured.
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Problem formulation
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Forecasting algorithms obtain a vector of      forecasts corresponding with future 
loads

given an instance vector of past loads and observations related to future loads

where    is the time when the load is measured.

The calendar information

includes details such as hour of day and holidays.
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ŷ = [bst+1, bst+2, ..., bst+L]
>

<latexit sha1_base64="kgPwj6rzAfO9oTZbqOb+LbvIB40=">AAAB6HicbZDLSsNAFIZP6q3WW9Wlm2ARXJVEvO0suHHhogV7gTaUyfSkHTuZhJmJUEKfwI0LRerSt/A13Pk2TloX2vrDwMf/n8Occ/yYM6Ud58vKLS2vrK7l1wsbm1vbO8XdvYaKEkmxTiMeyZZPFHImsK6Z5tiKJZLQ59j0h9dZ3nxAqVgk7vQoRi8kfcECRok2Vu22Wyw5ZWcqexHcHyhdfUwyvVW7xc9OL6JJiEJTTpRqu06svZRIzSjHcaGTKIwJHZI+tg0KEqLy0umgY/vIOD07iKR5QttT93dHSkKlRqFvKkOiB2o+y8z/snaig0svZSJONAo6+yhIuK0jO9va7jGJVPORAUIlM7PadEAkodrcpmCO4M6vvAiNk7J7Xj6rOaXKKcyUhwM4hGNw4QIqcANVqAMFhEd4hhfr3nqyXq3JrDRn/fTswx9Z79/DLpFX</latexit>

L

<latexit sha1_base64="Lt7heXEeCb935ZLRsoqr9pcH5Go="></latexit>

x =
⇥
st�m, ..., st, r

>
t+1, ..., r

>
t+L

⇤>
,m < t

<latexit sha1_base64="sHg0wkGz4Ig1VKf1H53UV4ZGvlM=">AAAB6HicbZDJSgNBEIZr4hbjFvXopTEInsKMuN0MePGYgFkgGUJPpyZp07PQ3SOEIU/gxYMi8ehb+BrefBt7khw08YeGj/+voqvKiwVX2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqCiRDOssEpFseVSh4CHWNdcCW7FEGngCm97wNsubjygVj8J7PYrRDWg/5D5nVBurprvFkl22pyLL4MyhdPM5yfRe7Ra/Or2IJQGGmgmqVNuxY+2mVGrOBI4LnURhTNmQ9rFtMKQBKjedDjomJ8bpET+S5oWaTN3fHSkNlBoFnqkMqB6oxSwz/8vaifav3ZSHcaIxZLOP/EQQHZFsa9LjEpkWIwOUSW5mJWxAJWXa3KZgjuAsrrwMjbOyc1m+qNmlyjnMlIcjOIZTcOAKKnAHVagDA4QneIFX68F6tt6syaw0Z817DuGPrI8f/86Rfw==</latexit>

t

<latexit sha1_base64="Z8QDgwf0/5D5/fwG9Cm5bt3sSrI=">AAACGXicbVDLSsNAFJ34rPVVHzs3g0WoUEJSfC0L3bisYB/QlDKZTtqhk0mYuRFK6G+48VfcuFDEpa78G6dpF9p64MLhnHu59x4/FlyD43xbK6tr6xubua389s7u3n7h4LCpo0RR1qCRiFTbJ5oJLlkDOAjWjhUjoS9Yyx/Vpn7rgSnNI3kP45h1QzKQPOCUgJF6BYd6ggVQAk/xwRDOscclziQvdcu4Usa2bZdxbWZ7E9wrFB3byYCXiTsnxepxkKHeK3x6/YgmIZNABdG64zoxdFOigFPBJnkv0SwmdEQGrGOoJCHT3TT7bILPjNLHQaRMScCZ+nsiJaHW49A3nSGBoV70puJ/XieB4KabchknwCSdLQoSgSHC05hwnytGQYwNIVRxcyumQ6IIBRNm3oTgLr68TJoV272yL+9MGhdohhw6QaeohFx0jaroFtVRA1H0iJ7RK3qznqwX6936mLWuWPOZI/QH1tcPIK+gvA==</latexit>

c (t) 2 {1, 2, ..., C}



Outline

• Introduction and motivation

• Problem formulation

• Models and theoretical results

9



10

Probabilistic Load Forecasting Based on Adaptive 
Online Learning



<latexit sha1_base64="+PrYMoj6DcEMY2ULd8h4L/TiSMo="></latexit>

p (st|st�1) = N
�
st;u

T
s ⌘s,c,�s,c

�

<latexit sha1_base64="V+LWvfPh/CYKnRUa/4oHQF9vrKs="></latexit>

p (rt|st) / p (st|rt) = N
�
st;u

T
r ⌘r,c,�r,c

�
Model relationship 
loads and observations

Model relationship 
consecutive loads

10

Probabilistic Load Forecasting Based on Adaptive 
Online Learning



Learning HMM parameters
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Parameters      can be obtained by maximizing the weighted log-likelihood given 
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Probabilistic forecasts
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Load forecasting in real-time
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Multi-task learning techniques
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Multi-task Hidden Markov model
Hidden Markov Model characterized by the following Gaussian distributions:
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Multi-task Probabilistic Load Forecasting Based on
Online Learning

IEEE Publication Technology, Staff, IEEE,

Abstract—Load forecasting is essential for the efficient, reli-
able, and cost-effective operation of power systems. Load fore-
casting performance can be improved by learning the similarities
among multiple entities (e.g., regions, buildings). Techniques
based on multi-task learning obtain predictions by leveraging
consumption patterns from the historical load demand of multiple
entities and their relationships. However, existing techniques
cannot account for the inherent uncertainties in load demand
or capture time-varying changes in consumption patterns. This
paper proposes a multi-task probabilistic load forecasting method
based on online learning. This technique provides accurate
probabilistic predictions for the loads of multiple entities by
leveraging their dynamic similarities. The method’s performance
is evaluated using datasets that register the load demand of
multiple entities and contain diverse and dynamic consumption
patterns. The results show that the proposed method can signif-
icantly enhance the effectiveness of current multi-task learning
approaches across a wide range of scenarios.

Index Terms—Probabilistic load forecasting, Multi-task learn-
ing, Online learning.

I. INTRODUCTION

LOAD forecasting across multiple entities (e.g., regions,
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ing capacity, and achieving cost-effective operation of power
systems [1], [2]. Predicting load demand in multiple entities
is generating increasing interest with the advent of smart grids
and meters [3], [4].

Multi-task models can improve the accuracy of predictions
for each individual region by leveraging related consumption
patterns from different locations [5], [6]. Accurate forecasting
is challenged by the intrinsic uncertainties in load demand and
dynamic shifts in consumption patterns [7], [8].

Forecasting techniques based on multi-task learning enable
to jointly learn from multiple related tasks [9]. In load fore-
casting, tasks can be referred to as entities, such as regions,
buildings, or apartments.

Existing multi-task learning techniques are based on offline
learning, and existing probabilistic online learning techniques
are single-task methods.

Techniques based on multi-task Gaussian processes have
been developed to learn correlations based on load consump-
tion patterns [10]. More recently, a multi-task learning algo-
rithm for a Bayesian spatiotemporal Gaussian process model
has been proposed to assess the relationship among various
residential communities based on the effects of time-varying
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environmental and traffic conditions on the electricity con-
sumption [11]. In addition, kernel-based multi-task learning
techniques have been applied for middle-term load forecasting
by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
forecasting techniques [25]. In the literature, probabilistic load
forecasting methods are based on offline learning [10], [21],
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by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
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environmental and traffic conditions on the electricity con-
sumption [11]. In addition, kernel-based multi-task learning
techniques have been applied for middle-term load forecasting
by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
forecasting techniques [25]. In the literature, probabilistic load
forecasting methods are based on offline learning [10], [21],
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ing capacity, and achieving cost-effective operation of power
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is generating increasing interest with the advent of smart grids
and meters [3], [4].

Multi-task models can improve the accuracy of predictions
for each individual region by leveraging related consumption
patterns from different locations [5], [6]. Accurate forecasting
is challenged by the intrinsic uncertainties in load demand and
dynamic shifts in consumption patterns [7], [8].

Forecasting techniques based on multi-task learning enable
to jointly learn from multiple related tasks [9]. In load fore-
casting, tasks can be referred to as entities, such as regions,
buildings, or apartments.

Existing multi-task learning techniques are based on offline
learning, and existing probabilistic online learning techniques
are single-task methods.

Techniques based on multi-task Gaussian processes have
been developed to learn correlations based on load consump-
tion patterns [10]. More recently, a multi-task learning algo-
rithm for a Bayesian spatiotemporal Gaussian process model
has been proposed to assess the relationship among various
residential communities based on the effects of time-varying
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environmental and traffic conditions on the electricity con-
sumption [11]. In addition, kernel-based multi-task learning
techniques have been applied for middle-term load forecasting
by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
forecasting techniques [25]. In the literature, probabilistic load
forecasting methods are based on offline learning [10], [21],
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environmental and traffic conditions on the electricity con-
sumption [11]. In addition, kernel-based multi-task learning
techniques have been applied for middle-term load forecasting
by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
forecasting techniques [25]. In the literature, probabilistic load
forecasting methods are based on offline learning [10], [21],
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environmental and traffic conditions on the electricity con-
sumption [11]. In addition, kernel-based multi-task learning
techniques have been applied for middle-term load forecasting
by leveraging correlations in seasonal patterns [12] but not
in load consumption. Such techniques have demonstrated im-
proved accuracy compared to single-task learning techniques
by considering that the consumption patterns of one entity may
affect the predictions of another entity.

Most conventional techniques for single-task and multi-task
load forecasting provide single-value predictions based on of-
fline learning [12]–[17]. These methods are based on statistical
techniques, including time series approaches such as ARIMA
[13] and VAR [18] models, exponential smoothing methods
[19] and semi-parametric additive models [16]; and machine
learning techniques, including kernel-based methods [14], neu-
ral networks [17], or transformer-based techniques [20]. Such
techniques face challenges due to inherent uncertainties in load
demand and time-varying changes in consumption patterns.
Probabilistic forecasting techniques can provide information
about the probability of different outcomes and achieve more
accurate forecasts in uncertain scenarios. Existing probabilistic
techniques (e.g., quantile regression [21], [22]) generate fore-
casts and assess load uncertainties, providing a measure of
confidence in the predictions. Online learning techniques can
dynamically adapt to changes in load consumption patterns.
Existing online learning methods adapt to dynamic changes
in load consumption patterns by regularly retraining models
of conventional techniques [23], adjusting predictions with
new observations [24], or updating weights of combined
forecasting techniques [25]. In the literature, probabilistic load
forecasting methods are based on offline learning [10], [21],
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Hidden Markov Model characterized by the following Gaussian distributions:

<latexit sha1_base64="6/aPzfXPoIeDK9pyaLVz78d0EMg="></latexit>

p(st|st�1) =N (st;M s,cus,⌃s,c)

p(rt|st) / p(st|rt) =N (st;M r,cur,⌃r,c)

<latexit sha1_base64="+NhNtCLFZ/paaKRBK0NUDPZ+rlE="></latexit>

M s,c
<latexit sha1_base64="/u9G6zm8DQq/iaKsjOMM0K0hrZk="></latexit>

M r,c
<latexit sha1_base64="m8qmIXcvXmR1itABZUvTbR51Y5s="></latexit>

⌃r,c
<latexit sha1_base64="513ExtqZCGbqiIHoPDbSRqjhDqM="></latexit>

⌃s,c



Multi-task probabilistic forecasting
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i = 1, 2, ..., L

Using the most recent learned parameters of the HMM we can provide 
probabilistic forecasts
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Multi-task probabilistic forecasting
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where           and            can be computed using the following recursions   
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Using the most recent learned parameters of the HMM we can provide 
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Prediction accuracy in 3 regions of New England
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Results
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Github with the code and documentation
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Conclusions

• Proposed multi-task learning method can learn the relationship among
multiple entities, adapt to changes in consumption patterns and asses
load uncertainties.

• Parameters of the model are updated using a simple recursive
algorithm, and the method provides probabilistic predictions with the
most recent parameters

• Experimental results demonstrate that the proposed method achieves
higher performance compared to existing multi-task learning
techniques for load forecasting.
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