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1. Introduction

Building operations account for a substantial share of global energy consumption and carbon dioxide

(CO2) emissions, as repeatedly highlighted by the International Energy Agency (IEA) (Pérez-Lombard

et al., 2008; Nejat et al., 2015; Bouckaert et al., 2021). Automatic decision-making and control algorithms

can be used to reduce the negative environmental impact of these emissions by regulating the building

behavior to manage occupant comfort and minimize energy consumption. Accurate predictive models for

building system dynamics are an integral component of these control algorithms (Cox et al., 2019), as their

forecasts of building energy consumption and other internal signals play a critical role in evaluating the

energy efficiency of buildings, detecting system faults, and enabling intelligent control and optimization of

energy use in building energy management systems (Yang et al., 2014; Ahmad et al., 2018; Lei et al., 2021;

Khalil et al., 2022). Furthermore, these models support the integration of renewable energy sources and

the implementation of advanced energy-saving strategies, ultimately contributing to the creation of more

sustainable built environments (Sorourifar et al., 2024; Chakrabarty et al., 2024; Azizan, 2020). From a

macro perspective, these predictive models can not only enhance the operational efficiency of buildings, but

also align with global efforts to mitigate climate change and promote sustainable development (Zhang et al.,

2025b).

While physical models or interpretable reduced-order models can be used to predict the behavior of

some internal model dynamics such as heat flow, other variables such as occupant-induced effects and

ambient conditions require models that can learn directly from data, as the underlying behaviors may

be too complex to abstract at the level of predictive models needed for decision-making. Since we are

predominantly interested in time series signals in this paper, time-series forecasting represents the critical

technology under consideration and is an essential step for decision-making. Whereas classical decision-

making frameworks rely on deterministic forecasting, recent advancements in stochastic model predictive

control (MPC) and reinforcement learning (RL) have exploited probabilistic forecasting models with success.

In particular, control policies determined by taking stochasticity into account have been shown to balance

robustness, safety, and optimality more effectively than deterministic control (Mohebi et al., 2025; Arroyo

et al., 2022; Heidari et al., 2022).

While the first stochastic model variants were proposed almost a century ago, such as autoregressive

integrated moving average (ARIMA) models, they often fall short in providing sufficiently accurate predic-

tions due to their inability to capture complex patterns (Ahmad et al., 2018; Bourdeau et al., 2019; Geraldi

and Ghisi, 2022). In recent years, there has thus been a shift towards the use of machine learning algorithms

and deep learning architectures, which can autonomously identify patterns in historical time-series data

to predict future trends more effectively. Deep neural network approaches (e.g., long short-term memory

(LSTM) recurrent networks (Graves and Graves, 2012)) and attention-based models (Vaswani et al., 2017)
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(e.g., the temporal fusion transformer (TFT) (Lim et al., 2021)), have been successfully applied in the

building system context for interpretable learning via attention mechanisms (Zheng et al., 2023), knowledge

transfer between buildings or building classes (Liang et al., 2023; Kim et al., 2024; Xing et al., 2024; Sun

et al., 2025), incorporating spatio-temporal interactions (Dong et al., 2025), and forecasting occupant-centric

signals, such as plug loads (Botman et al., 2024).

Deep networks possess the capability to represent and reproduce complex time-series patterns, but are

typically highly over-parameterized (Azizan et al., 2021) and require copious amounts of training data to

generalize well (Park et al., 2022). Without significant training data, they can produce unreliable forecasts,

while deep network-based methods are prone to issues like overfitting or mode collapse (Fan et al., 2017;

Jung et al., 2020; Morcillo-Jimenez et al., 2024). Such limitations are further exacerbated in the context of

probabilistic forecasting, where learning a good distribution (not just a mean) is dependent not only on the

sheer quantity of data, but also upon the availability of repeated instances of data over the forecast horizon.

This significant but common limitation is a major bottleneck to uncertainty quantification in general, and

probabilistic forecasting in particular. In most practical settings, large quantities of data are not available

from the target building energy system under consideration when a decision-making algorithm has to be

deployed. Such scenarios arise in new construction, in which case the amount of time sensors have been

installed is small, or if the building occupant is unwilling to share data due to privacy concerns. In such situ-

ations, we suggest that one elegant framework for learning such probabilistic forecasting networks leverages

available data from other systems. While data for the same signal (e.g., occupancy) from another system

will most likely not be identical to the target system under consideration, similarities in the distributional

form can be exploited to speed up and improve learning even without a large amount of target data.

Time-series foundation models (TSFM) represent a prime candidate to enable such an approach for

learning distributions with limited data from the target system. Foundation models (FMs) (Bommasani

et al., 2021) have generally emerged as a powerful tool, demonstrating excellent performance across numerous

machine learning domains, particularly in natural language processing and computer vision (Brown et al.,

2020; Radford et al., 2021; Kirillov et al., 2023). Conceptually, FMs are very large networks, often containing

billions of parameters, that are trained on simple self-supervised generative tasks (e.g., next-token prediction)

using massive datasets that span multiple domains of machine learning. For example, TSFMs are pre-trained

on gigantic datasets spanning time-series data from domains that include healthcare, traffic, energy, stocks,

and weather. The pre-trained model, or parts of it, can then be used for downstream tasks with or without

added fine-tuning, i.e., a few additional training iterations with typically limited task-specific data. This

approach contrasts with classical deep learning, which typically learns from scratch using only task-specific

data. FMs possess two beneficial characteristics that allow them to overcome the bottleneck of limited

target data. First, as these networks exploit the most recent deep learning architectural advances and

are heavily over-parameterized, they have the capacity to adapt to various function landscapes, allowing
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them to be expressive enough to contribute to different problem domains. Second, FMs have a strong

generalization capability, as they are incentivized to identify cross-domain patterns within a diverse range

of pre-training datasets that would be effective at solving their pre-training generative task (i.e., learning

the underlying data distributions). These cross-domain patterns can then be exploited for specific use cases

or downstream tasks through transfer learning processes such as fine-tuning. Despite their impressive track

record in language and vision, the applicability and effectiveness of FMs in real-world time-series forecasting

problems remain largely unreported.

This work investigates an underexplored application of probabilistic TSFMs for building energy systems

with real building sensor data. While there have been recent contributions in the general area of using

pre-trained generative transformers in building applications (Zhang et al., 2025a; Liao et al., 2025), our

work extends these ideas in significant ways. First, we consider GPT-like foundation models that are

explicitly tailored towards time-series rather than language modeling. This is important because recent

results show that language models do not perform well on time-series tasks (Tan et al., 2024). Second, we

provide a comparison between TSFMs, not one TSFM against other non-FM deep forecasting methodologies.

Third, we present our results on multi-signal, multi-month real data, and present the use of architectural

adaptation mechanisms (as opposed to prompt tuning, which may change from version to version of the

GPT) for improving performance. Furthermore, while prior work has demonstrated the potential of TSFMs

for building energy systems (Mulayim et al., 2024), this paper offers a more in-depth and comprehensive

analysis of how different ways of leveraging TSFMs can influence forecasting performance.

This paper serves as both an investigation into the utility of TSFMs on probabilistic building energy

forecasting as well as a guide to improving the performance of existing (usually open-source) TSFMs that

have been pre-trained on a wide variety of general time-series signals. By design, TSFMs are initially set

up to output probabilistic forecasts, so that they can be used for ‘zero-shot’ forecasting (i.e., without fine-

tuning, using only the information from a limited context of past data from the target system). However,

we will demonstrate that leveraging these models in such a zero-shot setting does not always yield accurate

results for specific real-world building energy systems due to a variety of factors. For instance, zero-shot

performance is expected to be hampered if the pre-training and target data distribution shift is too large,

if there is severe imbalance in the pre-training data, or if there are domain-related constraints or long-

term covariates that are impossible to incorporate through context alone and would necessitate adaptation.

We provide evidence of these phenomena using real data from the SUSTIE sustainable net-zero energy

building of Mitsubishi Electric, for which we have collected data for multiple months over 2021–2023. Note

that this dataset is representative of a commercial office building, and therefore affected by covariates

such as national holidays, work-week, corporate office hours, as well as general trends like seasonality and

diurnal variations. We therefore explore different fine-tuning methods to adapt the TSFM to the specific

characteristics of the SUSTIE building data. While effective, fine-tuning all the parameters of the TSFM
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can be computationally intensive and may risk overfitting, especially with limited data. Alternatively, we

investigate Low-Rank Adaptation (LoRA) (Hu et al., 2021), a recently proposed technique that injects

trainable low-rank decomposition matrices into each layer of the model, significantly reducing the number

of trainable parameters and computational resources required.

The main contributions of this paper are as follows: (i) We first investigate the applicability of TSFMs

on real office building data by evaluating the zero-shot prediction quality of the base TSFMs to assess

their performance without any task-specific fine-tuning. This is to understand the claim made about zero-

shot generalization performance of TSFMs in real engineering scenarios; i.e., to investigate whether current

TSFMs could be used without customization as a plug-and-play solution to energy forecasting. (ii) We next

demonstrate the case study using the state-of-the-art TSFM model, Chronos, demonstrating the effectiveness

of fine-tuning in TSFMs by examining different fine-tuning approaches and comparing the zero-shot baselines

and prominent deep forecasting benchmark models. We further investigate the trade-off between fine-tuning

and context length at inference to analyze the effectiveness and amount of fine-tuning required to get

satisfactory prediction accuracy. (iii) We then assess the accuracy and robustness of the proposed TSFM

approaches across different environments and seasons, as well as in limited data settings. This is to simulate

practical forecasting problems where unknown external factors affect the underlying dynamics, and such

factors have to be accounted for during forecasting without relying on massive datasets. (iv) Finally, we

evaluate the generalization capabilities of fine-tuned Chronos TSFMs to unseen tasks and systems by

testing their performance on building zones not seen at training time. This is especially critical for long-

term adoption of TSFM-like technology in decision-making for buildings.

The remainder of this paper is organized as follows. Section 2 describes the probabilistic time-series

forecasting problem more formally, and delineates the various fine-tuning approaches considered in this

work. Section 3 presents the experimental setups in our real-world building system and the metrics of

forecasting performance. In section 4, we discuss the overall predictive quality in various settings including

zero-shot and with fine-tuning. We also provide comparisons to well-known deep forecasting algorithms

and evaluate the effectiveness of TSFMs in practical settings, such as across seasons, on unseen building

zones, and with severely limited data. Finally, Section 5 concludes the paper and outlines future research

directions.

2. Methodology

We propose a probabilistic forecasting framework that leverages time-series foundation models for build-

ing energy systems. We begin by formulating the problem as a probabilistic time-series forecasting task, as

detailed in Section 2.1. Subsequently, in Section 2.2, we detail the fine-tuning methods applied to adapt

the foundation models to our specific application, enhancing their accuracy and reliability in the context of
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building energy systems.

2.1. Probabilistic Forecasting in Building Energy Systems

Consider a zone in the building equipped with sensors that collect time-series data, such as occupancy,

CO2, or plug loads. Let Y := {y1, . . . , yt, . . .} denote the univariate time-series of one of the monitored sig-

nals. The primary objective of probabilistic forecasting is to predict the conditional probability distribution

πθ := πθ(
−→
Y t,H |

←−
Y t,C)

of the future sequence
−→
Y t,H := {yt+1, yt+2, . . . , yt+H} (1)

based on a past context sequence

←−
Y t,C := {yt−C+1, yt−C+2, . . . , yt} (2)

for a given predictive window length H ∈ N and context window length C ∈ N. Consequently, a data-driven

approach identifies a model, with parameters θ, that best describes the conditional distribution (usually by

minimizing a loss function) by taking windows of training data.

In this paper, we formulate the building forecasting problem as univariate forecasting each of the time-

series signals. This is mainly to make the study fair as most state-of-the-art deep learning models, especially

TSFMs, currently do not support multivariate forecasting. Additionally, empirical evidence suggests that

the state-of-the-art multivariate approach, while theoretically consistent, often results in lower performance

compared to univariate methods (Du Preez and Witt, 2003; Woo et al., 2024), although this may be debated.

2.2. Time-Series Foundation Models

Foundation models (FMs) (Bommasani et al., 2021) have recently emerged as a significant paradigm in

artificial intelligence (AI), demonstrating state-of-the-art performance across a wide range of applications.

The core concept of FMs involves using large datasets to pre-train models with a very large number of

parameters on generic self-supervised generative tasks (typically next-sample prediction), which can then be

applied to downstream tasks with little (fine-tuning) to zero adaptation. Since FMs are compositions of a

very large number of parameterized modules, they are flexible enough to reconstruct a varied landscape of

functions. In this paper, we restrict our study to time-series foundation models, of which we consider three

available at the time this paper is written: Moirai, TimesFM, and Chronos. Moirai, with its multi-

modal and hierarchical design, is reported to excel at capturing both short-term fluctuations and long-term

trends, making it particularly adept at handling fragmented and high-variance inputs (Woo et al., 2024).

TimesFM, on the other hand, emphasizes cross-task transfer learning by providing a flexible framework that

seamlessly adapts its forecasting layers to new tasks without extensive re-training, thus boosting efficiency
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in real-world deployment scenarios (Das et al., 2024). Chronos leverages a customized attention mecha-

nism that natively handles irregular sampling and missing data, and is touted to perform well in tasks with

incomplete contextual data (Ansari et al., 2024). Despite some structural and algorithmic differences, the

TSFM networks share many similarities: the foremost being that they are all probabilistic time-series fore-

casting models, trained with self-supervised generative task consistent with the foundation model paradigm.

Furthermore, they are essentially built around transformer networks (Vaswani et al., 2017), and comprise

over 108 trainable parameters. Additionally, they have all been made available on GitHub with weights pre-

trained on broad collections of publicly available datasets covering various domains such as energy, transport,

climate/weather, sales, economy, healthcare, and web data, often along with synthetic datasets, all of which

have been considered at multiple time-scales. For these reasons, the authors of these works often refer to

these TSFMs as ‘universal forecasters’. We opted not to discuss other time-series foundation models in this

study primarily because Moirai, TimesFM, and Chronos collectively epitomize the predominant design

innovations: hierarchical multi-modality, cross-task transfer capabilities, and adaptive attention-based ar-

chitectures. Although there exist additional models that rely on variations of these strategies, they rarely

depart substantially in either methodological underpinnings or empirical contributions.

Note that the objective of this work is not to choose a ‘winner’ between the TSFMs, but instead to

understand applicability and challenges in adopting them for time-series forecasting in practical building

energy applications.

Due to their training on myriad datasets, TSFMs acquire the capability to autonomously identify tem-

poral patterns such as periodicity and other generic yet distinctive trends within the pre-training data.

This characteristic enables TSFMs to approximately generalize to unseen domains without task-specific

fine-tuning, a feature known as zero-shot inference. This means that zero adaptation/fine-tuning iterations

are spent training the TSFM on task-specific data, and only the network’s intrinsic adaptation mechanism,

usually via attention layers, provides the conditional distribution πθ(·). The feasibility of zero-shot predic-

tion differentiates FMs from classical deep learning models, offering significant convenience by eliminating

the cumbersome process of data preparation and model retraining for each new task.

Unfortunately, zero-shot inference requires a sufficiently long context dataset to yield good predictive

accuracy (we provide evidence later in §4.2 of this paper), which may not always be available for reasons

discussed in the introduction. In fact, allowing for long context lengths is contrary to the major premise

of this paper, which is to be able to generate good predictions with limited data. Therefore, we focus our

efforts on investigating efficient adaptation mechanisms with limited contextual data, which is discussed

next.
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2.3. Fine-Tuning TSFMs for Building Energy Systems

Fine-tuning is a post-training process that not only enables rapid adaptation to a specific task (i.e., signals

from a particular target building energy system), but also leverages the synergy between the information

embedded within the pre-trained model and the information contained in the downstream task-specific data.

By fine-tuning the TSFM, we are effectively transfer-learning from a wide array of tasks (pre-training) to a

specific one.

Formally, let us consider a pre-trained TSFM parameterized by the weights θ0, and a training ground-

truth time-series
−→
Y true

0,T := {ytrue1 , ytrue2 , . . . , ytrueT } collected from the target building under consideration.

Given a context window length C and a predictive window length H, we construct a fine-tuning dataset

DFT as follows:

DFT :=
{(←−

Y true
i,C ,
−→
Y true

i,H

)
| i = C, . . . , T −H

}
. (3)

Full fine-tuning (FullFT)

Full fine-tuning involves re-training all the TSFM parameters by minimizing a loss function L suitable

for the target building forecasting problem, using gradient descent methods such as Adam (Kingma, 2014)

or its variants (Loshchilov, 2017). The optimization is performed over the fine-tuning dataset DFT and we

denote the resulting model parameters update by

∆θFullFT = argmin
∆θ

∑
t

L
(−→
Y true

t,H ,
−→
Y t,H ; θ0 +∆θ

)
, (4)

where
−→
Y t,H denotes statistics or sample predictions drawn from the probabilistic model, given a context

input
←−
Y true

t,C .

The specific form of the loss function L depends on the architecture of the TSFM and the target task.

For instance, TimesFM employs a weighted quantile loss, while Chronos discretizes the target values

to reformulate the regression problem as a classification task, subsequently applying the categorical cross-

entropy loss. A major issue with solving (4) is that TSFMs typically contain hundreds of millions of

parameters, and therefore the training procedure requires significant compute as well as care to avoid

overfitting and, in extreme cases, catastrophic forgetting (Kirkpatrick et al., 2017; Min et al., 2022).

Parameter-Efficient Fine-Tuning (PEFT)

To mitigate the issues of full fine-tuning, we adopt the common strategy of training on a lower-dimensional

subspace of θ. Since this requires training much fewer number of parameters, it is often referred to as

parameter-efficient fine-tuning (PEFT).

In particular, we employ low-rank adaptation (LoRA), which is one of the most prominent PEFT tech-

niques at the time of writing (Hu et al., 2021). The concept of LoRA is simple: rather than updating all
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θ, LoRA adapts on a low-rank subspace within θ. A more mathematical description of the approach is

provided below.

Previously, we have assumed θ encapsulates all the weights in all the layers of the TSFM as a flattened

tensor. Implementing LoRA involves first selecting a subset of layers, indexed by I, whose weights will be

adapted. Let ωi denote a matrix of weights in the i-th layer of the TSFM, where i ∈ I; the size of ωi is

di,1 × di,2. For each of the adapted layers, we define a low-rank adapter matrix δωi = ωi,Lωi,R where ωi,L

has size di,1 × ri and ωi,R has size ri × di,2 for some prescribed rank ri ≪ min{di,1, di,2}. For simplicity of

implementation, one often selects a uniform rank r across all layers which satisfies r ≪ mini∈I{di,1, di,2}.

By doing this, the fine-tuning optimization problem can be recast as

∆θPEFT = argmin
δωI

∑
t

L
(−→
Y true

t,H ,
−→
Y t,H ; θ0 +∆θ

)
, (5)

which results in training
∑

i∈I(di,1 + di,2) × r weights. Since r is quite small compared to the number of

neurons per layer, this can be made significantly less than the original dimensionality |θ| =
∑

i∈I di,1di,2 +∑
i ̸∈I di,1di,2. Since the original parameter ωi remains fixed throughout the PEFT stage, much fewer

parameters are involved in back-propagation, resulting in significantly improved computational efficiency

during training, making it feasible on resource-limited hardware on-site. After solving (5), the learned

adaptation matrices δωi are added into the original weight matrices, that is ωi ← ωi + δωi. Furthermore, as

noted in (Hu et al., 2021; Zeng and Lee, 2023), the lower number of fine-tunable parameters means LoRA

also protects against overfitting on small-sized target datasets.

In particular, for LoRA fine-tuning within the transformer components of the TSFM, the adaptation is

as follows. The self-attention mechanism enables each token in an input sequence to dynamically attend

to all other tokens by computing a weighted sum of value vectors based on the similarity between query

and key vectors. Given input tokens τ , the mechanism first projects τ into queries, keys, and values via

Q = τωQ, K = τωK , and V = τωV , where ωQ, ωK , ωV are learnable weight matrices. The attention output

is then computed as

Att(Q,K, V ) = softmax
(
QK⊤
√
dK

)
V,

with dK being the dimensionality of the keys, and softmax(z) = exp(z)
1⊤ exp(z)

, exponents taken component-

wise. To adapt pre-trained models efficiently, LoRA fine-tuning is applied by injecting trainable low-rank

matrices into the query and value weights. Concretely, instead of updating ωQ and ωV in their entirety, we

update ωQ := ωQ + ωQ,LωQ,R and ωV := ωV + ωV,LωV,R, with low-rank matrices ωQ,L, ωQ,R, ωV,L, and

ωV,R. This approach retains the original pre-trained parameters while enabling task-specific adjustments

with significantly fewer trainable parameters.
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3. Experimental Setup

3.1. Data Collection

For the purpose of training TSFMs, we use real experimental data collected from SUSTIE, which is

a next-generation commercial office building located in Japan. The name SUSTIE combines the words

“Sustainability” and “Energy” and the building is designed to research and demonstrate energy savings

while ensuring workers’ health and comfort. The four-story SUSTIE building has a total floor area of

approximately 6456 m2 which includes nine office spaces that are regularly used by around 260 office workers,

an open-feel atrium area, a cafeteria, and a gym. SUSTIE’s building management system collects data on

electrical energy consumption, meteorological and indoor environment conditions, occupancy, and equipment

operational data to analyze and control energy consumption and comfort during building operations. The

electrical energy consumption is measured separately for different types of equipment (air-conditioning,

ventilation, lighting, hot water supply, and elevators) and for each room. The occupancy, i.e., the number

of people in each room, is counted by the access control system using card readers installed in each area. A

dataset was collected at SUSTIE contiguously from January 2021 to August 2024, although only the most

recent subset (i.e., September 2023 to August 2024) is used in this work. We adopted a number of data

pre-processing steps as described below to make this dataset tractable and usable for training models. Any

missing values in data signals were filled using linear interpolation, and all data signals were synchronized

to identical sampling times with a sampling rate of 15 minutes. The electrical energy consumption (kW·h)

signals of different equipment were also converted to power consumption (W) by assuming piece-wise constant

power signals between two successive energy measurements.

We consider four different types of occupant-centric time-series signals, collected at 15-minute intervals

(i.e., 4 samples per hour) from SUSTIE during office workdays. We exclude weekend data as such signals

are sometimes trivial to forecast and artificially boost predictive accuracy; e.g., zero occupancy and almost

flat energy outputs. The signals are room occupancy (Occ), carbon emissions (CO2), power consumption for

illumination and appliances (Light), and energy consumption for heating, ventilation, and air conditioning

equipment (HVAC). To evaluate the efficacy of the proposed framework across seasons, we conducted the

experiments using 4 different test periods, each spanning the last 40 workdays of each season. For each

target variable (i.e., each signal at each split), the last 40 office workdays of signals are hidden at training

time and used as test periods. Following the selection of 24-hr context windows in relevant literature (Xing

et al., 2024; Zheng et al., 2023), the TSFM is set up to accept a 24-hr window as input1 and predict the

next 6-hr. This is also motivated by the fact that control algorithms such as model predictive control for

building control often use 6–8-hr predictions with which to compute a control action (Drgoňa et al., 2020;

1We focus on a 24-hr input context window as our main target scenario, but we examine longer windows in Section 4.2.
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Arroyo et al., 2022). Given that the data is collected at 15-minute intervals (i.e., 4 samples per hour), this

corresponds to a context and a predictive window length of C = 24 × 4 = 96 and H = 6 × 4 = 24 steps,

respectively.

Data was collected from eight zones spanning three floors within the building. The floors serve different

primary functions: six zones on two floors (2F and 4F) are designated as office spaces, while the two zones

on another floor (3F) are designated for relaxation purposes. As a consequence, we obtained a total of 32

different time series (8 zones × 4 seasons) for each signal type.

Figure 1: Density plots of daily time-series data across different seasons and building zones. The solid lines are the median,

and dashed lines are 10-90 confidence intervals.

Fig. 1 illustrates the seasonal variation in occupancy levels across eight distinct zones (Zone 1 to Zone 8)

over a 24-hour period. Each subplot presents occupancy data within a 24h period. Four seasonal trends are

depicted using colored lines: winter, spring, summer, and fall. The solid lines represent the mean occupancy

for each season, while the shaded regions surrounding them indicate variability or confidence intervals. By

utilizing this diverse dataset, we aim to evaluate the proposed TSFM-based forecasting scheme’s ability

to handle various operational conditions and environmental factors inherent in real-world building energy
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systems. This approach allows us to test the model’s robustness and generalization capabilities across

different zones with varying functionalities and seasonal influences.

3.2. Evaluation Metrics

To assess the predictive performance of the proposed models, we consider two point forecast measures:

mean absolute scaled error (MASE) and root-mean-squared scaled error (RMSSE) which are designed to un-

derstand how well the mean predictions are, as well as two distributional forecast accuracy metrics designed

to understand how well the statistics of the time-series have been reconstructed: weighted quantile loss

(wQL) and mean-scaled interval score (MSIS) based on prediction
−→
Y t,H defined in (1) and its corresponding

ground truth
−→
Y true

t,H = {ytruet+1, y
true
t+2, . . . , y

true
t+H},

for a context window
←−
Y t,C , defined in (2). Suppose ȳt denotes the (empirical) mean prediction for time-series

value yt at time t. We define these evaluation metrics next.

The MASE is calculated as

MASE(
−→
Y t,H ,

−→
Y true

t,H) ≜
1

ζMAE
· 1
H

t+H∑
τ=t+1

|ȳτ − ytrueτ |

and the RMSSE is computed as

RMSSE(
−→
Y t,H ,

−→
Y true

t,H) ≜
1

ζRMSE
·

√√√√ 1

H

t+H∑
τ=t+1

|ȳτ − ytrueτ |2,

where

ζMAE ≜
1

T − Cref

T∑
τ=Cref+1

|ytrueτ − ytrueτ−Cref
|, and ζRMSE ≜

√√√√ 1

T − Cref

T∑
τ=Cref+1

|ytrueτ − ytrueτ−Cref
|2 (6)

are scaling factors derived from the naive forecasting errors over the training period. As shown, these scaling

factors are calculated using the mean absolute error (MAE) between the ground truth series
−→
Y true

0,T and its

24-hour (i.e., Cref = 24× 4 = 96 steps, given the 15-minute sampling interval) lagged signal. By scaling the

error measures in this manner, we assess the predictive performance relative to a naive baseline and present

the results as percentages for clearer interpretation. This approach allows for a standardized comparison

across different models and datasets.

It is important to note that we apply a constant scaling factor averaged over the entire training series

rather than using varying scales for different sub-series based on the test time t. This approach ensures that

the metrics do not disproportionately emphasize sub-series that are either easy to forecast or have near-zero

values, which may hold less practical significance.

To evaluate the quality of distributional learning, we consider two distributional forecast accuracy met-

rics: wQL and MSIS. These metrics assess not only the accuracy of the point forecasts but also the quality of
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the uncertainty estimates provided by the predictive distributions. Suppose y
(β)
t denotes the β-th quantile,

for time-series value yt at time t. Note that β ∈ (0, 1) and β = 0.1 indicates the 10-th quantile. The wQL

assesses the accuracy of quantile forecasts by averaging the quantile losses over pre-selected quantiles, which

can be written as

wQL(πθ,
−→
Y true

t,H) ≜
1

Nq

Nq∑
n=1

QL(βn)(πθ,
−→
Y true

t,H),

where the quantile loss at the βn-th quantile is given by

QL(βn)(πθ,
−→
Y true

t,H) ≜
2

HζQL

t+H∑
τ=t+1

[
βn ·max

(
0, ytruet − y

(βn)
t

)
+ (1− βn) ·max

(
0, y

(βn)
t − ytruet

)]
with the scaling factor

ζQL ≜
1

T − Cref

T∑
τ=Cref+1

|ytrueτ |.

In this paper, we evaluate the quantile losses at the 10-th, 50-th, and 90-th quantiles; therefore β1 = 0.1, β2 =

0.5, β3 = 0.9 and Nq = 3. This reflects a lower confidence bound, median, and upper confidence bound of

the predictive distribution, respectively. A smaller value of wQL indicates better probabilistic forecasting

performance.

For MSIS, some additional notation is required. Suppose ut = y
(1−β)
t and lt = y

(β)
t respectively denote

the upper and lower confidence intervals, where β ∈ (0, 0.5). Let I(·) denote the indicator function that is

1 when the conditional argument is true, and 0 if false. The MSIS evaluates the quality of the prediction

intervals by balancing penalties on the width of the interval with penalties on observations falling outside

the interval, and can be written as

MSIS(πθ,
−→
Y true

t,H) ≜
1

HζMAE

t+H∑
τ=t+1

[
(ut − lt) +

2

β
(lt − ytruet ) · I(ytruet < lt) +

2

β
(ytruet − ut) · I(ytruet > ut)

]
,

with ζMAE defined in (6). In this paper, we select β = 0.1.

Then, MSIS rewards the competing objectives of finding a prediction interval as narrow as possible (i.e.,

showing as little uncertainty as possible) while minimizing the number of true values found to fall outside of

it (i.e., accurately capturing the observed estimate uncertainty). A lower MSIS indicates better probabilistic

forecasting performance.

Given that the test period spans Ttest = 40 days× 24 hr/day × 4 steps/hr = 3840 steps, which is longer

than the predictive window length H = 24 steps, we employ a rolling-window analysis as suggested in (Zivot

and Wang, 2006). Specifically, for each time step t from T to T + Ttest−H, we generate forecasts using the

model and compute with a given evaluation metric. We then report the average scores over all these test

time steps to assess the model’s overall predictive performance.
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3.3. Comparison Study with State-of-the-Art

We consider three TSFM architectures: Moirai, TimesFM, and Chronos. These models utilize trans-

formers as their underlying architecture, with 91M, 200M, and 200M parameters, respectively. For zero-shot

predictions, we use the pre-trained weights provided by their respective official implementations2. We as-

sessed practical deployment considerations, including inference latency, memory usage, and model size: under

standardized benchmarking conditions (sequence length 512, forecast horizon 96, batch size 32, A100-80GB

GPU) Ekambaram et al. (2024), Chronos, TimesFM , and Moirai demonstrate GPU inference latencies

of 1395 ms, 24 ms, and 335 ms, with corresponding peak memory footprints of 16 GB, 2 GB, and 1 GB, and

parameter counts of 201M (0.4 GB), 200M (0.4 GB), and 91M (0.18 GB). These results highlight a trade-off

between accuracy and resource efficiency: while lightweight TSFMs such as TimesFM and Moirai are

amenable to deployment in building energy management systems, heavier models such as Chronos require

more powerful hardware. For deployment within a building management system, memory usage is typically

less critical than inference time. For representative use cases such as model predictive control with sampling

times of 15 minutes to 1 hour, the reported latencies fall well within the operational bounds for real-time

decision-making. We therefore conclude that the proposed models can be practical for BMS integration,

and further optimizations (e.g., pruning, quantization) could reduce computational overhead even further.

We evaluate our proposed time-series foundation models against three prominent deep learning baselines,

each implemented via the GluonTS library (Alexandrov et al., 2020). The first, DeepAR (Salinas et al.,

2020), employs an LSTM-based architecture to generate probabilistic forecasts by learning global models

across multiple time series, making it well-suited to heterogeneous datasets. The second, N-BEATS (Ore-

shkin et al., 2019), is a purely feedforward architecture organized into backward and forward residual stacks

that excel at capturing long-term temporal patterns; it is inherently deterministic, and thus we do not report

its distributional accuracy. Lastly, temporal fusion transformers (TFT) (Lim et al., 2021) combine attention

mechanisms and a gating methodology to handle temporal dynamics and feature interactions, offering both

interpretability and strong predictive performance across diverse forecasting tasks.

4. Results and Discussions

We begin our empirical analysis by evaluating the effectiveness of applying TSFMs both in a zero-

shot setting and with fine-tuning. To provide a comprehensive comparison, we also report the forecasting

performance metrics of benchmark deep learning models trained from scratch. In Sections 4.1, 4.2, and 4.3,

we focus primarily on the overall performance of the framework; therefore, we present the mean ± standard

2Moirai: github.com/redoules/moirai, huggingface.co/Salesforce/moirai-1.0-R-base

TimesFM: github.com/google-research/timesfm, huggingface.co/google/timesfm-1.0-200m

Chronos: github.com/amazon-science/chronos-forecasting, huggingface.co/amazon/chronos-t5-base
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deviation of errors across all 32 different time series, encompassing 8 zones over 4 seasons. For each signal,

the time-series data from the 3 months immediately preceding each test period is used for training or fine-

tuning, with context and predictive window lengths fixed as 24 and 6 hours, respectively, unless otherwise

stated. Detailed analyses for each zone and season are discussed in subsequent Section 4.4. In addition,

we investigate the robustness and effectiveness of the proposed fine-tuning for TSFMs with limited data in

Sections 4.5. Lastly, the generalization capability of the TSFM approach to unseen zones is examined in

Section 4.6.

Table 1: Comparison of forecasting performance. The winner/runner-up is highlighted in light blue/yellow, respectively. Fine-

tuned TSFMs outperform baseline TSFMs and state-of-the-art deep forecasting models. The average scores along with their

standard deviations across different zones and seasons are presented together. The context and predictive window lengths are

fixed at 24 and 6 hours, respectively.

Deep Forecasting Models TSFMs (Zero-Shot) Fine-tuned TSFMs

Signal Metric N-BEATS DeepAR TFT Moirai TimesFM Chronos
Chronos

+FullFT

Chronos

+PEFT

Occ

MASE 0.25 ± 0.04 0.21 ± 0.03 0.20 ± 0.04 0.55 ± 0.08 0.41 ± 0.06 0.41 ± 0.05 0.18 ± 0.03 0.18 ± 0.03

RMSSE 0.26 ± 0.04 0.22 ± 0.03 0.21 ± 0.04 0.57 ± 0.08 0.42 ± 0.06 0.41 ± 0.05 0.20 ± 0.03 0.19 ± 0.03

MSIS 5.09 ± 0.75 3.49 ± 0.66 2.83 ± 0.80 6.24 ± 1.06 8.80 ± 1.30 5.58 ± 0.87 2.91 ± 0.54 2.71 ± 0.64

wQL 0.64 ± 0.09 0.37 ± 0.05 0.34 ± 0.08 0.87 ± 0.15 0.94 ± 0.15 0.77 ± 0.11 0.35 ± 0.05 0.32 ± 0.05

CO2

MASE 0.02 ± 0.01 0.04 ± 0.02 0.02 ± 0.01 0.04 ± 0.01 0.04 ± 0.01 0.03 ± 0.01 0.02 ± 0.00 0.02 ± 0.00

RMSSE 0.03 ± 0.01 0.04 ± 0.02 0.03 ± 0.01 0.05 ± 0.01 0.04 ± 0.01 0.04 ± 0.01 0.03 ± 0.01 0.02 ± 0.01

MSIS 0.47 ± 0.10 0.66 ± 0.35 0.37 ± 0.09 0.56 ± 0.14 0.84 ± 0.25 0.44 ± 0.11 0.37 ± 0.08 0.30 ± 0.08

wQL 0.05 ± 0.01 0.06 ± 0.03 0.04 ± 0.01 0.06 ± 0.02 0.07 ± 0.02 0.05 ± 0.01 0.04 ± 0.01 0.03 ± 0.01

Light

MASE 0.36 ± 0.06 0.18 ± 0.02 0.17 ± 0.05 0.50 ± 0.07 0.33 ± 0.07 0.32 ± 0.05 0.15 ± 0.03 0.15 ± 0.03

RMSSE 0.40 ± 0.06 0.21 ± 0.02 0.20 ± 0.04 0.52 ± 0.07 0.34 ± 0.07 0.34 ± 0.04 0.18 ± 0.03 0.18 ± 0.03

MSIS 7.29 ± 1.24 2.97 ± 0.56 2.72 ± 1.18 6.32 ± 0.72 6.91 ± 1.53 4.70 ± 0.60 2.32 ± 0.52 2.12 ± 0.56

wQL 0.75 ± 0.12 0.26 ± 0.04 0.25 ± 0.08 0.66 ± 0.08 0.59 ± 0.14 0.48 ± 0.07 0.23 ± 0.04 0.21 ± 0.04

HVAC

MASE 0.28 ± 0.23 0.25 ± 0.20 0.24 ± 0.18 0.43 ± 0.34 0.31 ± 0.28 0.27 ± 0.21 0.20 ± 0.14 0.21 ± 0.14

RMSSE 0.29 ± 0.22 0.26 ± 0.20 0.24 ± 0.17 0.46 ± 0.39 0.30 ± 0.25 0.27 ± 0.20 0.21 ± 0.14 0.22 ± 0.14

MSIS 5.54 ± 4.53 4.83 ± 4.18 3.74 ± 3.20 4.53 ± 3.97 6.72 ± 6.04 4.51 ± 3.69 3.35 ± 2.65 3.37 ± 2.64

wQL 0.83 ± 0.69 0.60 ± 0.50 0.48 ± 0.36 0.72 ± 0.63 0.85 ± 0.77 0.66 ± 0.54 0.47 ± 0.35 0.46 ± 0.33

4.1. Comparing predictions of TSFMs and Competitors

Table 1 reports the results of predictive performance of the state-of-the-art forecasting models N-BEATS,

DeepAR, and TFT, along with the zero-shot TSFMs and the fine-tuned Chronos, which exhibit the best

zero-shot performance. It is especially interesting that the zero-shot performance of the TSFMs is similar

to, and sometimes better than the non-transformer-based deep forecasting models that have explicitly been
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trained on the task-specific context data. For instance, both Chronos and Moirai perform similar on the

CO2, Light, and HVAC tasks in terms of the weighted quantile loss and the point estimate error metrics, with

Chronos doing better overall than Moirai. It is worth noting that the signals collected from the building

energy systems are not completely unrelated to the TSFM pre-training data, which includes datasets such

as SpanishEnergyAndWeather, and AustralianElectricity. This explains why the distribution learning

in the zero-shot paradigm is meaningful. A potential reason for Chronos’s improved performance, in line

with current conventional wisdom regarding generative models for continuous data (e.g., images), is that

models based on tokenized representation often outperform models with continuous variables (Van Den Oord

et al., 2017). In our case, we see Chronos, which operates on a tokenized representation of time series data

and is trained via a classification cross-entropy loss, performs better than TimesFM, i.e., a fully-connected

network trained via a regression loss. Encouraged by Chronos’ zero-shot performance, we also report the

fine-tuned Chronos performance in the final two columns of the table; fine-tuning involved 1000 re-training

iterations with FullFT (taking 1.4 s/iter) and PEFT (taking 0.6 s/iter). We infer that fine-tuned Chronos

outperforms all the deep forecasting models, including TFT, in most cases, and that PEFT helps more than

FullFT in most cases. Even when PEFT is slightly worse, such as for HVAC energy prediction, the difference

is marginal, given that PEFT requires 2x less GPU time than FullFT to re-train.

Overall, the zero-shot performance of TSFMs with a 24-hr context window falls short compared to models

specifically trained on the downstream datasets. As discussed in the following Section 4.2, this performance

gap is largely due to the short context window length. Although building signals exhibit daily periodicity,

a context window of 24 hours is insufficient for the zero-shot inference scheme, as the models are unable to

fully identify (daily) periodic patterns by only looking back at the past 24 hours.

4.2. Leveraging Longer Context for Improved Zero-Shot Forecasts
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0.2

0.3

0.4

0.5

0.6

0.7

M
AS

E

Chronos (Zero-Shot)
TimesFM (Zero-Shot)
Moirai (Zero-Shot)

5 10 15 20
Context Window Length (days)

0.4

0.6

0.8

1.0

1.2

1.4

1.6

wQ
L

Chronos (Zero-Shot)
TimesFM (Zero-Shot)
Moirai (Zero-Shot)

Figure 2: Forecasting accuracies of the zero-shot in-context inference with TSFM models across different context window

sizes on the Occupancy (Occ) signal. The predictive window lengths are fixed at 6 hours. The shades represent the standard

deviation across different zones and seasons.
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One of the defining features of pre-trained TSFMs is their innate ability to uncover periodic temporal

patterns when provided with sufficiently long context data, without requiring an additional training stage.

Here, we report how longer contexts can lead to substantial improvement of the TSFM zero-shot forecasts.

Specifically, we experiment with varying context window lengths: C ∈ {1, 2, 3, 4, 5, 20} office workdays,

where each workday comprises 96 time steps and we focus on the occupancy channel (other channels exhibit

similar trends). Longer context windows were infeasible due to GPU memory constraints, as they would

involve input sequences spanning thousands of time steps. Our experiments are conducted on all three of

the TSFMs.

Figure 2 shows that to achieve high-performance zero-shot predictions, the model requires a sufficiently

long context. Specifically, when the context length is too short (≤ 48 hours), the performance of TSFMs is

substantially degraded, i.e., results in high forecasting errors. As expected, accuracy improves with increasing

context window length up to 5 workdays (i.e., 480 time steps). This is justified by the fact that commercial

building signals are highly periodic with respect to the work-day as well as the work-week, and providing a

work-week (5 days) worth of context reveals trends unseen over a single 24hr period. Choosing a very long

context window is also not a good method for chasing performance. As evident from the figure, over 5 days

results in diminishing returns for two of the TSFMs. Moreover, we find that when TimesFM is provided

with a 20-day context window (1,920 time steps), its prediction error is alarmingly elevated. This is not

unreasonable, given that the model was optimized for a maximum context length of 512 time steps during

the pre-training stage. This is another key factor in selecting the context window length: one needs to choose

a context window that is within the maximum length chosen during pre-training. We also recognize that the

computational complexity of transformer-based TSFMs scales quadratically with the context length O(C2)

(Dao et al., 2022), making test-time inference increasingly expensive, even with engineering improvements

such as flash attention and key-value caching. To reiterate, there may be circumstances when the pre-

trained TSFM is too cumbersome to fine-tune, e.g., the necessary data or hardware is not available. In such

cases, one way to deploy a TSFM directly without fine-tuning to achieve good predictive performance is

by carefully selecting the appropriate length of the context window, which, for our commercial building, is

between 3 to 5 days.

4.3. Effectiveness of (Parameter-Efficient) Fine-Tuning

Of course, the ideal situation is if one can fine-tune the TSFM to the target system. Here, we demonstrate

that we can further improve the forecasting performance of TSFMs via fine-tuning without relying on a

computationally expensive long context window. Concretely, we test the effects of FullFT as well as PEFT

via LoRA, the latter of which has shown promise in fine-tuning large language models (LLMs) but has been

under-explored for TSFMs. Given that Chronos demonstrates the most promising preliminary zero-shot

performance and the lack of (parameter efficient) fine-tuning support or HuggingFace (Wolf et al., 2020)
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Table 2: Comparison of forecasting accuracy between zero-shot, PEFT with varying LoRA ranks, and FullFT. The context

and predictive window lengths are fixed at 24 and 6 hours, respectively.

Signal Metric Zero-Shot
LoRA

(rank=4)

LoRA

(rank=16)

LoRA

(rank=64)
FullFT

Occ

MASE 0.41 ± 0.05 0.18 ± 0.03 0.18 ± 0.03 0.18 ± 0.03 0.18 ± 0.03

RMSSE 0.41 ± 0.05 0.19 ± 0.03 0.19 ± 0.03 0.19 ± 0.03 0.20 ± 0.03

MSIS 5.58 ± 0.87 2.71 ± 0.64 2.72 ± 0.65 2.72 ± 0.65 2.91 ± 0.54

wQL 0.77 ± 0.11 0.32 ± 0.05 0.32 ± 0.05 0.32 ± 0.05 0.35 ± 0.05

CO2

MASE 0.03 ± 0.01 0.02 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.02 ± 0.00

RMSSE 0.04 ± 0.01 0.02 ± 0.01 0.02 ± 0.01 0.02 ± 0.01 0.03 ± 0.01

MSIS 0.44 ± 0.11 0.30 ± 0.08 0.30 ± 0.08 0.30 ± 0.08 0.37 ± 0.08

wQL 0.05 ± 0.01 0.03 ± 0.01 0.03 ± 0.01 0.03 ± 0.01 0.04 ± 0.01

Light

MASE 0.32 ± 0.05 0.15 ± 0.03 0.15 ± 0.03 0.15 ± 0.03 0.15 ± 0.03

RMSSE 0.34 ± 0.04 0.18 ± 0.03 0.18 ± 0.03 0.18 ± 0.03 0.18 ± 0.03

MSIS 4.70 ± 0.60 2.12 ± 0.56 2.13 ± 0.58 2.13 ± 0.57 2.32 ± 0.52

wQL 0.48 ± 0.07 0.21 ± 0.04 0.21 ± 0.04 0.21 ± 0.04 0.23 ± 0.04

HVAC

MASE 0.27 ± 0.21 0.21 ± 0.14 0.21 ± 0.14 0.21 ± 0.14 0.20 ± 0.14

RMSSE 0.27 ± 0.20 0.22 ± 0.14 0.21 ± 0.14 0.21 ± 0.14 0.21 ± 0.14

MSIS 4.51 ± 3.69 3.37 ± 2.64 3.33 ± 2.62 3.34 ± 2.60 3.35 ± 2.65

wQL 0.66 ± 0.54 0.46 ± 0.33 0.46 ± 0.33 0.46 ± 0.33 0.47 ± 0.35

compatibility in other TSFMs, we focus our efforts on Chronos.

As mentioned before, in Table 1, we observe that fine-tuned Chronos clearly and consistently outper-

forms the benchmark deep forecasting models with both FullFT and PEFT, reducing some of the zero-shot

error metrics by more than 50%. We focused our hyperparameter study on the LoRA rank, as it directly

determines the number of trainable parameters and thus the adaptation’s capacity. This makes rank the

most influential factor for balancing model performance and parameter efficiency. Other LoRA hyperpa-

rameters (such as LoRA scaling parameter and dropout rate) mainly serve as regularization and were kept

at standard values (32 and 0.1, respectively), as they do not fundamentally affect adaptation capacity. To

better understand the impact of LoRA rank r, we vary r = 4, 16, and 64 for 1000 fine-tuning iterations and

report performance in Table 2. We did not test larger ranks, as they only yielded marginal performance

improvements while incurring higher computational costs. We see that LoRA mostly outperforms FullFT

except for point-estimates on HVAC energy consumption. This is consistent with the observations of LoRA

in language tasks (Hu et al., 2021), and mainly because LoRA structurally maintains a balance between

preserving prior knowledge from the pre-trained model and adapting to task-specific data, while mitigating

the risk of overfitting.

Since the PEFT results are all similarly good, we recommend a lower rank (e.g., r = 4 or r = 16) to

reduce the fine-tuning computational expense for limited data and few FT iterations. In fact, using LoRA
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r = 4 reduces our total training floating-point operations (FLOPS) by 33% and accelerates training by 2.3×

compared to FullFT, on an Nvidia RTX 2080Ti GPU and 6 CPU cores.

4.4. Prediction Qualities across Different Zones and Seasons
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Figure 3: Forecasting accuracy of the benchmark TFT model and the proposed TSFM approach using PEFT across different

zones on the Occupancy (Occ) signal. The context and predictive window lengths are fixed at 24 and 6 hours, respectively.

The error bars represent the standard deviation across different seasons at each zone.
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Figure 4: Forecasting accuracy of the benchmark TFT model and the proposed TSFM approach using PEFT across different

seasons on the Occupancy (Occ) signal. The context and predictive window lengths are fixed at 24 and 6 hours, respectively.

The error bars represent the standard deviation across different zones during each season.

Beyond evaluating the overall performance, we further compare the prediction accuracies of the fine-tuned

TSFM via PEFT against the TFT, which demonstrates the highest performance among deep forecasting

models in Table 1. We present the Occ signal as a representative example in Figure 3 and 4 for ease of

exposition, although the other signals are provided in Table A.5 in the Appendix.

Notably, the proposed TSFM approach consistently outperforms the TFT, demonstrating up to approx-

imately 25% improvement in both deterministic and probabilistic metrics (i.e., MASE and wQL). Although

the TFT once surpasses the TSFM in the wQL metric (e.g., during summer), the performance gap is only

0.001 in the mean. In contrast to the TFT, the TSFM approach consistently exhibits low error across various

situations. More importantly, the TSFM approach demonstrates consistently smaller standard deviations

across different seasons and zones, whereas the TFT often exhibits inconsistent performance. This empirical
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analysis underscores the robustness of the TSFM approach in its predictive capabilities, making it more

reliable for application in BEMS with varying environmental conditions and seasonality.

4.5. Robustness of TSFM-based Approach to Limited Data
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Figure 5: Forecasting accuracies of the benchmark models and the proposed TSFM approach using PEFT across different

training dataset sizes on the Occupancy (Occ) signal. The context and predictive window lengths are fixed at 24 and 6 hours,

respectively. The shades represent the standard deviation across different zones and seasons. The leftmost point on the x-axis

corresponds to fine-tuning on one week of data, not zero-shot performance.

Thus far, we have demonstrated that TSFMs can successfully forecast real-world building time-series

data with fine-tuning. An immediate question is how much time-series data is needed to fine-tune such

large models, and whether a fine-tuned model can achieve high accuracy with less data. To explore this, we

conduct an ablation study by varying the training dataset size, using periods of {1, 4} weeks and {3, 6, 9}

months. For a fair comparison, we keep the test period (i.e., split) fixed while extending the (preceding)

training duration accordingly. The plot of forecasting accuracy across different models for the Occ signal is

shown in Figure 5, with the results for the other signals provided in Figure A.6, A.7, A.8, and A.9 in the

Appendix. When a large quantity of training data is available, TFT demonstrates performance comparable

to that of TSFMs, indicating that TSFMs are most critically useful in the limited data scenario, e.g., less

than 6 months. Indeed, the pre-training stage of TSFMs enables models to leverage general patterns found in

large diverse pre-training datasets, which then helps to both mitigate overfitting and enhance generalization

in their fine-tuned versions (Devlin, 2018). This is also evidenced by the fact that when the available data is

severely limited, below 2 months, the TSFM performance degrades more gracefully than TFT or DeepAR.

4.6. Generalization to Unseen Zones

In practical situations, one is often faced with predicting time-series for a new client/user: i.e., with

severely limited prior data available for training. Data may also not be available for all areas requiring

forecasting, due to cost or privacy concerns. In such circumstances, we evaluate the generalizability of
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Table 3: Comparison of forecasting accuracy between TFT and TSFMs on unseen zone. The model is trained on a zone on

the 2nd floor, then tested on another zone on the 3rd floor. The context and predictive window lengths are fixed at 24 and 6

hours, respectively.

Fine-tuned TSFMs Fine-tuned TSFMs

Signal Metric TFT
Chronos

+FullFT

Chronos

+PEFT
Signal Metric TFT

Chronos

+FullFT

Chronos

+PEFT

Occ

MASE 0.271 ± 0.071 0.231 ± 0.061 0.229 ± 0.064

Light

MASE 0.262 ± 0.061 0.216 ± 0.056 0.223 ± 0.049

RMSSE 0.278 ± 0.070 0.248 ± 0.062 0.243 ± 0.063 RMSSE 0.292 ± 0.056 0.255 ± 0.057 0.258 ± 0.050

MSIS 4.040 ± 1.030 3.693 ± 1.179 3.629 ± 1.173 MSIS 3.818 ± 0.936 3.368 ± 1.045 3.239 ± 0.744

wQL 0.432 ± 0.110 0.435 ± 0.114 0.416 ± 0.117 wQL 0.305 ± 0.062 0.281 ± 0.076 0.259 ± 0.059

CO2

MASE 0.345 ± 0.087 0.274 ± 0.074 0.255 ± 0.070

HVAC

MASE 0.436 ± 0.310 0.410 ± 0.235 0.383 ± 0.270

RMSSE 0.309 ± 0.074 0.255 ± 0.068 0.239 ± 0.064 RMSSE 0.380 ± 0.292 0.363 ± 0.263 0.347 ± 0.276

MSIS 4.875 ± 1.384 4.742 ± 1.230 3.624 ± 1.009 MSIS 6.895 ± 3.724 6.462 ± 4.056 6.285 ± 4.443

wQL 0.100 ± 0.024 0.101 ± 0.023 0.079 ± 0.018 wQL 0.984 ± 0.494 0.988 ± 0.427 0.924 ± 0.438

Table 4: Comparison of forecasting accuracy between TFT and TSFMs on unseen zone. The model is trained on a zone on

the 2nd floor, then tested on another zone on the 4th floor. The context and predictive window lengths are fixed at 24 and 6

hours, respectively.

Fine-tuned TSFMs Fine-tuned TSFMs

Dataset Metric TFT
Chronos

+FullFT

Chronos

+PEFT
Dataset Metric TFT

Chronos

+FullFT

Chronos

+PEFT

Occ

MASE 0.250 ± 0.077 0.224 ± 0.061 0.213 ± 0.064

Light

MASE 0.225 ± 0.054 0.223 ± 0.054 0.218 ± 0.048

RMSSE 0.260 ± 0.073 0.242 ± 0.062 0.229 ± 0.063 RMSSE 0.256 ± 0.050 0.261 ± 0.055 0.249 ± 0.049

MSIS 3.799 ± 1.144 3.417 ± 1.241 3.117 ± 1.230 MSIS 3.495 ± 0.804 3.423 ± 0.981 3.063 ± 0.707

wQL 0.413 ± 0.112 0.409 ± 0.114 0.366 ± 0.117 wQL 0.256 ± 0.055 0.299 ± 0.074 0.261 ± 0.059

CO2

MASE 0.348 ± 0.081 0.294 ± 0.063 0.285 ± 0.057

HVAC

MASE 0.262 ± 0.288 0.216 ± 0.211 0.231 ± 0.254

RMSSE 0.309 ± 0.070 0.264 ± 0.059 0.259 ± 0.054 RMSSE 0.256 ± 0.273 0.227 ± 0.242 0.225 ± 0.262

MSIS 5.314 ± 1.177 5.129 ± 1.056 4.169 ± 0.679 MSIS 3.553 ± 3.418 3.398 ± 3.711 2.928 ± 4.215

wQL 0.079 ± 0.027 0.081 ± 0.025 0.065 ± 0.018 wQL 0.486 ± 0.450 0.453 ± 0.373 0.421 ± 0.402

TSFMs to unseen (but known to be similar) thermal zones. We fine-tuned Chronos using data for 3

months from a zone on the 2nd floor of our commercial building, and then tested it on the one from the 3rd

(Table 3) and 4th (Table 4) without any additional tuning. Note that these floors serve completely different

purposes (one floor is for relaxation, one has computer equipment, and one floor is a standard office layout).

As in the previous sections, we conducted tests across different seasons.

We observe that TSFM with fine-tuning outperforms TFT predictions comprehensively in terms of point

estimate errors. And, as in previous sections, PEFT often does slightly better than FullFT. The improvement

of fine-tuned TSFMs over TFT is especially apparent from the Light and HVAC categories, where the TSFM

competitors generalize significantly better, possibly due to an informative prior learned from a pre-training
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dataset containing energy data (albeit from different source in a completely different context). For Occ

and CO2 (which are correlated), since usage patterns across zones are not very different, TFT is not as far

behind in the probabilistic metrics, but remains outclassed by fine-tuned TSFMs. This demonstrates clearly

how the pre-training prior of Chronos helps regularize the training and build predictions more robust to

unseen patterns. At the same time, with probabilistic forecasting deemed more complex, we surmise it is

more susceptible to overfitting, occasionally competing against the benefits from the pre-trained prior and

potentially explaining the few rare cases when TFT outperforms FullFT on probabilistic metrics.

5. Summary and conclusions

This study investigates the use of time-series foundation models (TSFMs) for probabilistic forecasting

in building energy systems. In particular, the work addressed how pre-trained TSFMs can be leveraged to

tackle challenges related to limited quantities of target data in building applications. The paper compares

the zero-shot performance of TSFMs with that obtained after fine-tuning, including both full fine-tuning

and parameter-efficient fine-tuning (PEFT) using techniques such as low-rank adaptation (LoRA). Experi-

mental results on real-world data from a commercial net-zero energy building demonstrate that TSFMs not

only provide competitive zero-shot predictions with appropriate context lengths but also yield significant

improvements in forecast accuracy and computational efficiency when fine-tuned, outperforming several

state-of-the-art deep forecasting models across various operational scenarios. Specific findings reported

include:

1. A systematic assessment of three current publicly-available TSFMs on GitHub on a forecasting task

with real building energy data. We demonstrated that zero-shot predictions (i.e., without any task-

specific fine-tuning) by these TSFMs are often outperformed by state-of-the-art deep forecasting models

such as N-BEATS, DeepAR, and TFT.

2. A comparison of full fine-tuning (updating all model parameters) with parameter-efficient fine-tuning

(PEFT) using LoRA. We showed that fine-tuning significantly improves prediction accuracy; in partic-

ular, LoRA achieves better predictive performance than full fine-tuning while reducing training time

by approximately 2.3× and lowering FLOPS by 33% on a GPU.

3. An evaluation of TSFMs on multiple experimentally measured time-series signals (room occupancy,

carbon emissions, plug loads, HVAC energy consumption) across different building zones and seasons

to test generalization. We reported evidence that fine-tuned Chronos TSFMs consistently deliver

lower forecast errors and smaller performance variances compared to state-of-the-art benchmarks,

even under limited data conditions (e.g., training with less than 2 months of data). In fact, with such
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limited data, even the best time-series forecasting models like TFT do not perform well compared to

TSFMs.

4. A study of the impact of varying the length of the context window on zero-shot inference. While a

24-hour context is insufficient to capture daily periodicity, we found that extending the context to 3–5

days significantly enhances prediction accuracy without incurring excessive computational cost.

We emphasize that while large-scale pre-training on synthetic building data such as Buildings-900K (Emami

et al., 2023) provides a strong foundation, fine-tuning remains essential for optimal performance on specific

real-world buildings. For example, the MOIRAI model, despite being pre-trained on such data, exhibited

weaker zero-shot results on our SUSTIE dataset than other TSFMs. This underscores the importance of

adapting models to local characteristics.

While our results demonstrate the need for fine-tuning TSFM models on real-world building data, it

is not yet clear how much fine-tuning is required to generalize to buildings with very different occupancy

patterns or operational contexts (e.g., retail or healthcare facilities with nonzero weekend occupancy) versus

varying environmental factors. The degree of customization or fine-tuning needed will likely vary depending

on building type and environmental factors, and may need to be determined on a case-by-case basis. Our

findings indicate that some fine-tuning is essential, as off-the-shelf deployment of TSFMs can result in poor

accuracy. An open opportunity is to systematically study these aspects across a broader range of build-

ing types and conditions. Some other opportunities include extending the current TSFM framework from

univariate to multivariate forecasting to capture correlations among multiple building signals. Additionally,

integrating TSFMs with real-time building management systems such as model predictive control or rein-

forcement learning frameworks could improve the optimality of the control policy without penalizing safety.

Finally, assessing the interpretability and generalizability of TSFMs by applying them to a wider range of

building types and climatic conditions will be critical for verification and deployment.
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Appendix A. Additional Tables and Figures

We present here the tables and figures omitted from the main text. Table A.5 complements the results

from Section 4.4 (i.e. Figures 3 and 4, respectively) with a full breakdown of the predictive performance

of TFT and fine-tuned Chronos across different zones and seasons for each signal, respectively. Likewise,

Figures A.6, A.7, A.8, and A.9 complement the results from Section 4.5 (i.e. Figure 5) and report the

ablation study results for all 4 signal types.

A key observation we can make looking at Table A.5 is that the fine-tuned TSFM approach consistently

outperforms TFT for the CO2 and Light signals under all tested conditions. We see further evidence of

this in Figures A.7 and A.8 where fine-tuned TSFM achieves generally higher accuracy and smaller variance

on these signals. Notably, this robustness appears even more beneficial when training data are limited,

likely because TSFM can leverage related time-series data from its pre-training phase to quickly adapt to

downstream tasks.

Another interesting takeaway is that TSFM appears to deliver more robust performance on MASE or

RMSSE than on MSIS or wQL. This seems to stem from the correlation between the loss function used to

train the TSFM model (i.e., Chronos, in this paper) and the chosen evaluation metrics. Since the TFT

model is optimized from scratch to minimize quantile loss, it naturally has a relative advantage in quantile-

based evaluation metrics such as MSIS or wQL. In contrast, Chronos adopts a regression-as-classification

approach, dividing the output space into finely spaced discrete bins and training the model via cross-entropy

loss. Consequently, its loss function is not directly tied to quantile predictions. Nevertheless, the fact that

Chronos demonstrates accuracy on par with—or even exceeding—that of a model explicitly optimized for

quantile forecasting (i.e., TFT) is a noteworthy finding. In the future, it would be promising to explore

ways of fine-tuning TSFM for alignment with domain-specific metrics of interest. Additionally, this may

be further indication of the care needed in the more difficult context of probabilistic forecasting, where the

priors learned at pre-training would likely be a little less fitting and mitigating overfitting of the massively

over-parameterized TSFMs would be more challenging.
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Table A.5: Comparison of forecasting performance across different zones (Zones #1–#8). The winner is highlighted in light

blue. The average scores along with their standard deviations across different seasons are presented together. The context and

predictive window lengths are fixed at 24 and 6 hours, respectively.

Zone #1 Zone #2 Zone #3 Zone #4

Signal Metric TFT
Chronos

+PEFT
TFT

Chronos

+PEFT
TFT

Chronos

+PEFT
TFT

Chronos

+PEFT

Occ

MASE 0.20 ± 0.05 0.17 ± 0.03 0.23 ± 0.05 0.21 ± 0.05 0.19 ± 0.03 0.15 ± 0.02 0.21 ± 0.05 0.17 ± 0.01

RMSSE 0.21 ± 0.05 0.18 ± 0.03 0.23 ± 0.05 0.22 ± 0.05 0.19 ± 0.03 0.17 ± 0.03 0.23 ± 0.04 0.19 ± 0.01

MSIS 3.29 ± 1.01 2.65 ± 0.61 3.13 ± 1.04 3.42 ± 1.19 2.40 ± 0.36 2.42 ± 0.55 3.04 ± 1.00 2.59 ± 0.29

wQL 0.35 ± 0.09 0.32 ± 0.05 0.35 ± 0.08 0.36 ± 0.09 0.30 ± 0.05 0.28 ± 0.05 0.38 ± 0.14 0.31 ± 0.02

CO2

MASE 0.03 ± 0.00 0.02 ± 0.00 0.03 ± 0.01 0.02 ± 0.00 0.03 ± 0.00 0.02 ± 0.00 0.03 ± 0.00 0.02 ± 0.00

RMSSE 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.01 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.01 0.03 ± 0.01

MSIS 0.42 ± 0.07 0.35 ± 0.06 0.40 ± 0.13 0.33 ± 0.07 0.42 ± 0.10 0.32 ± 0.06 0.35 ± 0.05 0.34 ± 0.04

wQL 0.04 ± 0.01 0.04 ± 0.01 0.04 ± 0.01 0.03 ± 0.01 0.04 ± 0.01 0.03 ± 0.00 0.04 ± 0.01 0.03 ± 0.00

Light

MASE 0.17 ± 0.02 0.14 ± 0.02 0.16 ± 0.04 0.14 ± 0.02 0.17 ± 0.05 0.13 ± 0.03 0.16 ± 0.05 0.14 ± 0.04

RMSSE 0.20 ± 0.01 0.17 ± 0.02 0.19 ± 0.03 0.17 ± 0.02 0.20 ± 0.05 0.16 ± 0.03 0.18 ± 0.05 0.17 ± 0.04

MSIS 3.56 ± 2.25 2.14 ± 0.26 2.36 ± 0.59 2.02 ± 0.47 2.72 ± 0.94 1.95 ± 0.65 2.31 ± 0.89 2.07 ± 0.94

wQL 0.30 ± 0.15 0.20 ± 0.02 0.22 ± 0.04 0.19 ± 0.02 0.24 ± 0.07 0.19 ± 0.04 0.22 ± 0.07 0.20 ± 0.06

HVAC

MASE 0.16 ± 0.13 0.14 ± 0.12 0.18 ± 0.17 0.15 ± 0.15 0.17 ± 0.12 0.15 ± 0.11 0.26 ± 0.22 0.24 ± 0.18

RMSSE 0.16 ± 0.13 0.15 ± 0.13 0.19 ± 0.18 0.17 ± 0.16 0.18 ± 0.12 0.17 ± 0.12 0.26 ± 0.22 0.24 ± 0.18

MSIS 2.44 ± 1.99 2.48 ± 2.14 3.14 ± 3.40 2.79 ± 2.84 2.67 ± 2.25 2.57 ± 2.04 4.36 ± 4.33 3.66 ± 3.24

wQL 0.32 ± 0.23 0.32 ± 0.25 0.34 ± 0.32 0.35 ± 0.35 0.32 ± 0.21 0.32 ± 0.21 0.58 ± 0.50 0.54 ± 0.43

Zone #5 Zone #6 Zone #7 Zone #8

Signal Metric TFT
Chronos

+PEFT
TFT

Chronos

+PEFT
TFT

Chronos

+PEFT
TFT

Chronos

+PEFT

Occ

MASE 0.19 ± 0.02 0.18 ± 0.02 0.19 ± 0.03 0.17 ± 0.02 0.20 ± 0.03 0.19 ± 0.02 0.20 ± 0.03 0.16 ± 0.01

RMSSE 0.20 ± 0.03 0.19 ± 0.02 0.21 ± 0.03 0.17 ± 0.02 0.21 ± 0.03 0.19 ± 0.02 0.21 ± 0.03 0.18 ± 0.02

MSIS 2.37 ± 0.33 2.62 ± 0.48 2.41 ± 0.28 2.57 ± 0.44 3.02 ± 0.67 3.00 ± 0.67 2.93 ± 1.21 2.41 ± 0.33

wQL 0.31 ± 0.04 0.32 ± 0.04 0.31 ± 0.04 0.31 ± 0.04 0.35 ± 0.05 0.35 ± 0.04 0.37 ± 0.13 0.29 ± 0.02

CO2

MASE 0.03 ± 0.01 0.03 ± 0.01 0.02 ± 0.00 0.02 ± 0.00 0.03 ± 0.01 0.03 ± 0.01 0.02 ± 0.00 0.02 ± 0.00

RMSSE 0.03 ± 0.01 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00 0.02 ± 0.00 0.02 ± 0.00

MSIS 0.43 ± 0.11 0.34 ± 0.12 0.35 ± 0.04 0.28 ± 0.06 0.27 ± 0.06 0.21 ± 0.04 0.32 ± 0.07 0.23 ± 0.08

wQL 0.04 ± 0.01 0.04 ± 0.01 0.04 ± 0.01 0.03 ± 0.01 0.04 ± 0.01 0.03 ± 0.00 0.03 ± 0.00 0.03 ± 0.00

Light

MASE 0.16 ± 0.05 0.14 ± 0.02 0.16 ± 0.05 0.14 ± 0.02 0.24 ± 0.06 0.20 ± 0.02 0.16 ± 0.04 0.14 ± 0.02

RMSSE 0.19 ± 0.05 0.17 ± 0.02 0.19 ± 0.05 0.17 ± 0.02 0.25 ± 0.06 0.22 ± 0.03 0.18 ± 0.03 0.17 ± 0.02

MSIS 2.48 ± 0.96 2.02 ± 0.59 2.37 ± 0.45 1.97 ± 0.39 3.87 ± 1.27 2.86 ± 0.36 1.99 ± 0.29 1.96 ± 0.36

wQL 0.23 ± 0.07 0.20 ± 0.04 0.23 ± 0.03 0.20 ± 0.03 0.34 ± 0.11 0.27 ± 0.03 0.22 ± 0.05 0.20 ± 0.03

HVAC

MASE 0.26 ± 0.22 0.24 ± 0.16 0.27 ± 0.22 0.25 ± 0.18 0.32 ± 0.24 0.27 ± 0.16 0.28 ± 0.19 0.21 ± 0.09

RMSSE 0.18 ± 0.12 0.17 ± 0.12 0.18 ± 0.12 0.17 ± 0.12 0.26 ± 0.22 0.24 ± 0.18 0.28 ± 0.21 0.26 ± 0.18

MSIS 4.69 ± 4.14 3.91 ± 3.22 4.01 ± 3.78 4.05 ± 3.79 5.02 ± 4.86 4.38 ± 3.55 3.61 ± 1.87 3.12 ± 1.62

wQL 0.57 ± 0.44 0.56 ± 0.40 0.57 ± 0.43 0.59 ± 0.49 0.67 ± 0.48 0.60 ± 0.37 0.50 ± 0.27 0.42 ± 0.17
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Figure A.6: Forecasting accuracies of the benchmark models and the proposed TSFM approach using PEFT across different

training dataset size on the room occupancy (Occ) signal. The context and predictive window lengths are fixed at 24 and 6

hours, respectively. The shades represent the standard deviation across different zones and seasons.
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Figure A.7: Forecasting accuracies of the benchmark models and the proposed TSFM approach using PEFT across different

training dataset size on the carbon emissions (CO2) signal. The context and predictive window lengths are fixed at 24 and 6

hours, respectively. The shades represent the standard deviation across different zones and seasons.
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Figure A.8: Forecasting accuracies of the benchmark models and the proposed TSFM approach using PEFT across different

training dataset size on the power consumption (Light) signal. The context and predictive window lengths are fixed at 24 and

6 hours, respectively. The shades represent the standard deviation across different zones and seasons.
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Figure A.9: Forecasting accuracies of the benchmark models and the proposed TSFM approach using PEFT across different

training dataset size on the energy consumption (HVAC) signal. The context and predictive window lengths are fixed at 24 and

6 hours, respectively. The shades represent the standard deviation across different zones and seasons.
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