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Abstract
Time-Series Foundation Models, pretrained on large
amounts of time-series data, offer strong zero-shot fore-
casting capabilities. Recent TSFM versions provide im-
proved support for covariate forecasting. This renders
them a promising alternative to address current limita-
tions of data-driven building performance prediction ap-
proaches: they are highly dependent on data availability,
are mostly case-specific, and often favor correlation over
causation. In this paper, we compare the predictive per-
formance of two TSFMs with graph neural network ap-
proaches and a statistical baseline. We also present an ap-
proach for configuring causal covariates for TSFM predic-
tions from graph representations. All models are evaluated
using two real-world building datasets.

Introduction
Given the challenges of climate change, it is imperative
to improve the energy performance of buildings. Ac-
curate predictions of indoor environmental quality (IEQ)
and building energy use can help identify strategies to re-
duce the environmental impact of buildings (Ali et al.,
2024) while maintaining a healthy indoor environment
for occupants. With an increasing number of Internet of
Things (IoT) sensors deployed in modern buildings, ma-
chine learning (ML) approaches that leverage historical
data have emerged as an alternative to traditional physical
simulations.
Although these approaches perform well on IEQ and
building energy management (BEM) tasks, they face two
major challenges. First, models often overfit to spurious
correlations in the data due to the high redundancy of sen-
sors in buildings (Chen et al., 2025). For example, it is
easier for models to learn correlations among temperature
sensors than dependencies on heating and cooling systems.
Second, models are often limited by the availability and
quality of sensor data (Ogundiran et al., 2024; Semasinghe
et al., 2025). Consequently, models in the building domain
are highly case-specific because they need to be configured
for the available sensor data of each building (Ogundiran
et al., 2024). Both issues make it difficult to transfer mod-
els between buildings, as they do not sufficiently learn gen-
eralizable physical causal relationships but instead capture
case-specific correlations.
Recently, Time-Series Foundation Models (TSFMs) such

as Chronos (Ansari et al., 2024, 2025), TimesFM (Das
et al., 2024), Moment (Goswami et al., 2024), and Moirai
(Woo et al., 2024) have emerged as an option to address the
data availability challenge. They pose to require less train-
ing data, as they are pretrained on a variety of time-series
datasets from different domains, similar to the transformer
architectures of Large Language Models (LLMs) that are
trained on large amounts of natural language data. This
enables them to make zero-/few-shot forecasts by leverag-
ing a short context window of previous time steps. With
increased support for co- and multivariate forecasting in
newer model versions, TSFMs promise to incorporate ex-
ternal factors and to predict multiple time series simulta-
neously.

In this paper, we investigate whether their out-of-the-box
performance provides a suitable alternative for short-term
forecasting tasks related to Indoor Environmental Qual-
ity (IEQ) and Heating, Ventilation, and Air Conditioning
(HVAC) loads. We compare the predictive performance
of (i) two state-of-the-art TSFMs, (ii) the Autoregressive
Integrated Moving Average (ARIMA) model as a strong
statistical baseline for time-series forecasting, and (iii)
GraphNeural Networks (GNNs) combinedwith sequence-
to-sequence learning methods as a simple way to encode
physical causal relationships into machine learning mod-
els. By evaluating forecasting accuracy across four tasks,
split across two real-world building datasets and varying
forecasting horizons, we aim to explore not only the ap-
plicability of TSFMs in general but also whether they can
be combined with causality-informed approaches such as
GNNs. To this end, we propose a causality-informed
TSFM approach that automatically configures TSFM fea-
tures from graphs. Our evaluation is conducted on two
publicly available datasets: a residential building with
sparse HVAC data coverage and no occupancy ground
truth, and an office building with diverse HVAC opera-
tional data and indoor environment measurements across
multiple thermal zones.

This paper is structured as follows. We start with a review
of related work on Time-Series Foundation Models and
data-driven indoor environment and building energy per-
formance prediction. We then describe our methodology
by defining the models and forecasting tasks, followed by
an introduction to the scenarios. After presenting and dis-
cussing the results, the paper concludes with an outlook.



Background and related works
Indoor environment predictions, HVAC and energy ef-
ficiency
Indoor environmental quality is a key factor in ensuring
occupants’ comfort and health. IEQ is largely governed
by heating, ventilation, and air conditioning (HVAC) sys-
tems, which also account for a major share of energy
use in modern buildings. This relevance makes the re-
sulting complex relationships an important subject of re-
search. Data-driven models that learn from historical
data without requiring detailed building information have
been employed for various tasks in the IEQ and energy-
efficiency domain, including data collection and process-
ing, fault and anomaly detection and analysis, HVAC
control management, design optimization, and predictive
analysis (Ogundiran et al., 2024). In this paper, we fo-
cus on the latter by predicting different IEQ variables and
HVAC energy use. HVAC-related predictions mainly in-
volve heating and cooling loads as well as energy con-
sumption, which have been tackled by researchers us-
ing deep learning methods (Shi et al., 2024; Liu et al.,
2023), neural networks (Borowski and Zwolińska, 2020;
Irshad et al., 2024), and graph neural networks (Jia et al.,
2024a,b). IEQ prediction is a diverse field, including in-
door temperature, CO2, particulate matter, and thermal
comfort. While approaches such as neural networks (Cho
andMoon, 2022; Tagliabue et al., 2021; Elmaz et al., 2021)
and graph neural networks (Zhang et al., 2023) show con-
vincing results, multiple reviews highlight a key limita-
tion: these approaches remain highly case-specific and are
sensitive to the availability and quality of data (Li et al.,
2025; Latoń et al., 2025; Ogundiran et al., 2024; Semas-
inghe et al., 2025). This raises the question of whether
zero-/few-shot models could provide an alternative that al-
leviates this limitation.

Time series foundation models
Time-Series Foundation Models (TSFMs) have recently
emerged as a zero-shot alternative for time-series tasks.
Built on transformer architectures, they are pretrained on
a diverse collection of time-series datasets, enabling them
to forecast, detect anomalies, and classify time series. The
underlying idea is that TSFMs learn generalizable patterns
and correlation structures from these datasets. This can
enable zero-shot forecasting, as the model only needs to
identify patterns that it has encountered before. In addi-
tion, TSFMs support transfer learning by fine-tuning them
on new datasets and tasks with fewer data, as the model
needs to learn the new task but not the patterns from
scratch. Beyond univariate forecasting, models such as
Moirai (Woo et al., 2024) and the most recent version of
Chronos (Ansari et al., 2025) support integrating past and
future covariates into forecasting pipelines.
This suggests that TSFMs could be applicable to differ-
ent prediction tasks in buildings. However, existing stud-
ies report mixed results. Mulayim et al. (2025) evaluate
TSFMs for building energy management tasks and find

limited zero-shot generalization; TSFMs often fail to out-
perform classical statistical models. Similarly, Lin et al.
(2024) show that TSFMs can handle heterogeneous build-
ing data if they are well configured. Extending the analysis
to spatio-temporal forecasting, Gupta et al. (2025) report
that TSFMs perform competitively at high sampling fre-
quencies but degrade in settings with sparse spatial sensor
coverage. Overall, these studies suggest that TSFMs do
not necessarily work out of the box but require careful pa-
rameterization. This motivates our research question: Can
incorporating causal relationships improve TSFM perfor-
mance in building settings?

Methodology
The aim of this paper is to evaluate the accuracy of TSFMs
on different IEQ and energy-consumption tasks and to in-
vestigate whether causal information can improve perfor-
mance. To this end, we perform univariate forecastingwith
TimesFM and Chronos as two state-of-the-art TSFMs, and
covariate forecasting with Chronos using past and future
covariates. On the GNN side, we compare two different
GNN models as well as our newly proposed approach,
which uses GNN graph-representation nodes as covari-
ates for Chronos. We compare these deep learning models
with the well-established Autoregressive Integrated Mov-
ing Average (ARIMA) model (Newsham and Birt, 2010)
as a strong statistical baseline.
Since we want to focus on a comparison of data-driven
methods, white-box models are excluded from the scope
of this paper. GNN models are favored over other deep
learning models, as they allow encoding causal relations
in a rather simple manor.
The general task is to predict the next values over a predic-
tion duration % from a set of previous values spanning a
context duration �. Since we focus on short-term forecast-
ing in this study, we set % ∈ {1 h, 2 h, 4 h, 8 h} to provide
an overview of general trends in model forecasting capa-
bilities. The context duration � is defined separately for
each model. Depending on the case-specific sampling rate
5B (in minutes; see Scenarios), the context window length
� and the horizon length � are defined as � = (60�)/ 5B
and � = (60%)/ 5B . In compliance with other work in this
domain, we use root mean squared error (RMSE) as the
evaluation metric.

Graph neural network models
We employ two types of GNNmodels: (i) a spatiotemporal
GNN (GRUGCN) that uses a Gated Recurrent Unit (GRU)
layer to capture temporal regression and a graph convolu-
tional layer, and (ii) a two-layer Graph Convolutional Net-
work with no mechanism to capture temporal dependen-
cies. For both models, we define a directed graph G =

(V, E). The node setV denotes a subset {E1, E2, . . . , E8}
of available time-series signals from sensormeasurements.
Each node is associated with a node-feature vector that
contains the previous values {GC−� , . . . , GC−1}. The edge
set E denotes a set of directed edges {41, 42, . . . , 48}.



Each edge 4 = (E8 , E 9 ) represents a directed connection
from node E8 to node E 9 . We construct these connections
based on domain knowledge of physical relationships be-
tween the measured signals and dataset exploration, aim-
ing to obtain a graph that captures causal relationships
between sensor measurements. Although ontologies like
Brick (Balaji et al., 2016) offer schemes for building meta-
data, they do not cover physical relations and causalities,
making automatic graph construction based on causality
a complex problem (Langbridge et al., 2023; Grauer and
Ploennigs, 2025), not covered in the scope of this paper.
For both models, the context duration is set to � ∈
{4 h, 8 h}. Since we consider different datasets and pre-
diction targets, each requires careful hyperparameter tun-
ing. To this end, we employ the Optuna framework (Akiba
et al., 2019) to optimize the learning rate and hidden size
of each model layer.

Time series foundation models and ARIMA
We use TimesFM (Das et al., 2024) and Chronos (Ansari
et al., 2025) as state-of-the-art TSFMs in our evalua-
tion. We use the most recent versions available at the
time of writing, namely TimesFM 2.5-200m and Chronos
2. While TimesFM only supports univariate forecasting,
Chronos 2 can incorporate past and future covariates (real-
valued or categorical) to support multivariate forecasting.
Its in-context learning (ICL) capability shares information
within a group of multivariate time series via a group-
attention mechanism. We test the effectiveness of this
mechanism by adding graph nodes as past covariates to
Chronos. Therefore, we define the causal-covariate fore-
casting task as follows:

Ĥ20DB0; = �ℎA>=>B(�C0A64C ,S) (1)

where �C0A64C is defined as the previous time-steps of the
prediction target and S is defined as a subset ofV:

S = {E8 | ∃48,C0A64C ∈ E} ∀E8 , E: ∈ V (2)

where 48,C0A64C denotes an edge directed from node E8 to
the target node EC0A64C . The full pipeline for configuring
causal covariates from graph representations is given in
Algorithm 1.
Besides the causal approach, we define two additional
Chronos covariate settings: one that uses only two past co-
variates for each prediction target, and one that adds past
covariates as well as known future covariates. While past-
only covariates add information to the context window �,
future covariates are incorporated over the prediction hori-
zon �. To create realistic scenarios, we restrict future co-
variates to quantities that can be estimated (e. g., future
temperature or dew point usingweather forecasts), are con-
trolled by building operators (e. g., air supply rates or heat-
ing setpoints), or follow time patterns (e. g., indicators for
working hours or day of the week).
TimesFM serves as a comparison to Chronos, as it is de-
signed and trained for univariate time series only. We set

Algorithm 1 Causal-covariate TSFM forecasting
Require: Directed graph G = (V, E), target node

EC0A64C , historical data matrix X ∈ R |V |×) , context
length �, horizon �

Ensure: Forecast ĤC:C+� for EC0A64C
1: �C0A64C ← X[EC0A64C , C−� : C−1] ⊲ Target history
2: S ← ∅ ⊲ Causal covariate set
3: for each E8 ∈ V do
4: if (E8 , EC0A64C ) ∈ E then
5: S ← S ∪ {X[E8 , C−� : C−1]}
6: end if
7: end for
8: ĤC:C+� ← Chronos(�C0A64C , S)
9: return ĤC:C+�

� = 2048 for both models, as this is the maximum con-
text length used in the first pretraining stage of Chronos
(Ansari et al., 2025). Although TimesFM 2.5 supports
context lengths of up to 16,000 samples, our exploratory
experiments suggest that longer context lengths do not nec-
essarily improve performance while increasing computa-
tional cost. For ARIMA, we set � = 1024. To simplify
forecasting, we use AutoARIMA (Smith et al., 17 ), which
automatically fits the model parameters to the data.
Since the data for the GNN models are split into training
and test subsets, TSFM and ARIMA predictions are made
only on the test subset to ensure a fair comparison across
all model types.

Scenarios
Residential building
We use the dataset presented by Pandey et al. (2025) to
evaluate forecasting performance in residential buildings.
The dataset contains sensor data capturing occupant be-
havior, energy use, and IEQ for eight student dorm units
over a period of two years. The data are divided into
pre- and post-retrofit periods. During the retrofit, heat
pumps were installed alongside a heat recovery ventilation
(HRV) system, and the insulation of walls and windows
was significantly improved. For our prediction tasks, we
use the post-retrofit period, as the HVAC and HRV deploy-
ment provides more sensor data for the GNN models. Al-
though energy use for HVAC and HRV is available after
the retrofit, other operational signals (e. g., HVAC supply
air volume or temperature) are missing. The available sen-
sors include outdoor climate conditions (temperature [°C],
solar radiation [W/m²], dew point [°C], humidity [%]), in-
door environment variables (relative humidity [%], illu-
minance, CO2 [ppm], TVOC [ppb], temperature [lx]), en-
ergy use of electrical appliances [kWh], and occupant be-
havior (door and window state [binary, indicating open or
closed]). After data cleaning and preparation, we retain 8.5
months of data sampled at 5B = 10min. We use a 70:30
split for training and validation/testing, as recommended
for the size of the cleaned dataset (Muraina, 2022). We



aim to predict the following target variables:

• Indoor relative humidity [%]: We predict the rel-
ative humidity in the living room of the student
dorm. Input features for the GNNmodels and causal-
covariate setting include outdoor relative humidity
[%], dew point temperature [°C], room temperature
[°C], HRV power use [kWh], and window state (0
= closed, 1 = open). Outdoor temperature and dew
point temperature are used as both past and future co-
variates for Chronos.

• HVAC energy use [Wh]: We predict the combined
energy use of electric baseboard heaters in the dorm
and heat pumps. Input features include outdoor tem-
perature [°C], relative humidity [%], dew point tem-
perature [°C], indoor temperature [°C], and indoor
relative humidity [%]. Outdoor temperature and hu-
midity are used as past and future covariates.

The graph structures used for the GNNs are shown in Fig-
ure 2. Due to sparse operational information on ventila-
tion, the graph remains relatively simple. Moreover, as
this is a residential building, humidity and HVAC energy
use depend strongly on occupant behavior, daily schedules,
habits, and personal preferences. In particular, HVAC en-
ergy use is a challenging stochastic prediction task: it ex-
hibits spikes at certain time steps and remains close to zero
at others, with no clear seasonality (Figure 1).

Figure 1: Exemplary HVAC energy usage of student dorm for
one week

Office building
We use the Building 59 dataset (Luo et al., 2022) to eval-
uate forecasting performance in an office building. The
records include energy consumption, HVAC operational
data, IEQ, and outdoor climate data for a campus building
over three years, from January 2018 to December 2020.
The IEQ data are separated by thermal zones. For each
zone, the zone temperature, cooling and heating tempera-
ture setpoints, CO2 concentration, fan speed for the ven-
tilation air supply, and heating valve position are pro-
vided. The building is divided into northern and south-
ern parts, each served by two rooftop units (RTUs). For

each RTU, operational data such as supply/return temper-
ature, air flow rates, and setpoints are available. We use
data from the southern part of the building, as it provides
more detailed measurements. Although the dataset con-
tains a short period of occupancy data, there are no time
spans in which both occupancy and indoor-climate data are
complete. The following prediction targets are chosen:

• Zone temperature [°C]: Zone temperature of an
office-space thermal zone. Input features for the
graph-based models include temperatures of adjacent
zones, outdoor air temperature and humidity, RTU
supply-air temperature, and zone fan speeds and heat-
ing valve positions. Since office temperatures depend
strongly on occupancy, we use a binary indicator for
typical working hours (9 am to 5 pm on weekdays)
as a past and future covariate for Chronos, along-
side outdoor air temperature. The sampling rate is
5B = 5min.

• HVAC energy consumption [kWh]: HVAC energy
consumption is the aggregate of the energy con-
sumption of both RTUs serving the southern part
of the building. The graph representation is con-
structed from each RTU’s operational signals (sup-
ply/return/mixed-air temperature, supply flow rates),
setpoints, fan speeds, heating valve position, temper-
atures of the thermal zones served by the RTU, and
outdoor climate conditions. This yields a complex
graph with 115 nodes and 154 edges. For covari-
ate forecasting, we use the working-hours indicator
and outdoor air temperature. The sampling rate is
5B = 15min, i. e., the original sampling rate of HVAC
energy consumption.

Results and discussion
Student dorm - relative humidity
For the task of predicting relative humidity, TSFM and
ARIMA significantly outperform the GCN approaches for
all horizons (Table 1). With an RMSE below 1%, these
models show superior performance for the shorter pre-
diction horizons of 1 and 2 hours. When the prediction
horizon is doubled to 4 and 8 hours, their performance
decreases. ARIMA performs at a similar level for the
1-hour prediction but quickly falls behind Chronos and
TimesFM as the horizon increases. This is likely due to
ARIMA autoregressive stepwise prediction, where errors
accumulate for longer horizons. TSFM on the contrary
can replicate longer patterns due to the transformer archi-
tecture. While adding past-only covariates of outdoor tem-
perature and dew point adds little accuracy, incorporating
known future covariates improves performance as the con-
text grows, with particularly strong gains for the 4- and
8-hour horizons. Causal covariates also improve perfor-
mance but remain behind future covariates.
The GCNmodel fails to capture the dynamics across hori-
zons and context lengths. Its best performance is achieved



Figure 2: Graph underlying for predictions in the student dorm data set for relative humidity (left) and HVAC energy usage (right).

with the short context length of 4 hours (� = 24) for the
longest horizon; however, on the 8-hour horizon, perfor-
mance degrades across all context lengths. The GRUGCN
performs best when input and output sequence lengths are
equal, yet it still remains behind ARIMA and the TSFMs.
These results suggest that TSFMs perform particularly
well when predicting variables with a fixed range. Relative
humidity, by definition, is bounded between 0 and 100%;
in the test set, values range from 20% to 57%, with a mean
of 35.1% and a median of 35.25%. For machine learning
models, the nonlinear relationships between input features
can be difficult to learn from scratch, especially given the
limited number of samples and meaningful features in the
underlying graph.

Table 1: Results for residential humidity forecasting (RMSE in
%), best result for each horizon is marked bold

Horizon % [h]
Model 1 2 4 8
TimesFM (Univ.) 0.70 1.11 1.80 2.75
Chronos (Univ.) 0.68 1.03 1.65 2.86
Chronos Cov. (past) 0.66 1.00 1.60 2.79
Chronos Cov. (p+f) 0.67 0.93 1.24 1.79
Chronos Causal 0.67 0.98 1.52 2.67
ARIMA 0.84 1.59 2.16 3.61
GRUGCN (4 hours) 6.86 7.51 5.01 9.51
GRUGCN (8 hours) 5.24 6.20 6.98 6.25
GCN (4 hours) 9.49 10.81 13.30 8.82
GCN (8 hours) 13.23 8.16 10.55 9.20

Student dorm - HVAC energy usage
Predicting HVAC energy use in the student dorm is a chal-
lenging task that none of the models in this study can solve
sufficiently well (Table 2). Among all models, Chronos
with past covariates achieves the best results for the short-
est prediction horizon.
When visualizing 1-hour-ahead predictions over two days
in the test set (Figure 3), we find that Chronos can pre-
dict peaks in energy use with only a small lag, but it un-
derestimates the magnitude of the energy consumed. The
GRUGCN model captures only the baseline, also under-

estimates peaks, and adds noise around periods with an
approximately constant baseline slightly below zero.
For the complex temporal patterns of HVAC energy use,
the trend of decreasing accuracy for TSFM and ARIMA
forecasts is confirmed, whereas GNN-based models per-
form similarly across all horizons. For the 4-hour horizon,
ARIMA performs best, while the GRUGCN model per-
forms best for the 8-hour horizon.
Because peaks in HVAC energy use are driven by unob-
served occupant behavior patterns, all model types strug-
gle to make accurate predictions. Although TSFMs out-
perform the graph-based models on shorter horizons, the
non-seasonal and seemingly random patterns undermine
their strengths.

Figure 3: HVAC energy usage of two days in the test set. True
value and predictions from GRUGCN with 4 hours context and
Chronos past with past covariates for 1 hour horizon are shown.

Office building - zone temperature
Zone temperature in the office building (Table 3) is best
predicted by Chronos with causal covariates across all
horizons beyond 1 hour. Adding future covariates does
not improve longer-horizon predictions at the same scale
as in the humidity task: forecasts using only past covari-
ates perform only slightly worse for the 4- and 8-hour hori-
zons, and the RMSE increases with each horizon. The fact
that the causal approach performs best for longer horizons



Table 2: Results for residential HVAC energy forecasting
(RMSE in Wh), best result for each horizon is marked bold

Horizon % [h]
Model 1 2 4 8
TimesFM (Univ.) 24.25 20.25 21.41 22.47
Chronos (Univ.) 15.74 17.09 18.36 19.48
Chronos Cov. (past) 15.47 16.92 18.15 19.30
Chronos Cov. (p+f) 15.48 16.83 18.12 19.17
Chronos Causal 15.52 16.90 18.15 19.28
ARIMA 16.70 17.30 17.91 18.98
GRUGCN (4 h) 17.02 17.93 18.19 18.87
GRUGCN (8 h) 17.53 17.87 18.37 18.82
GCN (4 h) 18.85 18.81 19.32 19.87
GCN (8 h) 18.78 18.96 19.41 19.65

(even outperforming predictions that use known future co-
variates) suggests that Chronos’ group-attention mecha-
nism benefits from well-defined causal covariates.
While TimesFM performs best for the 1-hour horizon, it
does not appear to scale well for temperature forecasting: it
is surpassed by ARIMA for the 2-hour horizon and by both
GRUGCN variants for the two longest horizons. Since the
sampling rate is doubled compared to the humidity task,
TimesFM accuracy decreases substantially for � > 48.
As the horizon increases, the GRUGCN model gains
ground relative to the TSFMs and ARIMA and surpasses
ARIMA for the longest horizon. Compared to humid-
ity forecasting, the gaps between TSFMs and graph-based
models shrink. This is likely due to (i) the higher availabil-
ity of meaningful features for graph learning in the office-
building dataset and (ii) the reduced complexity of temper-
ature prediction compared to relative humidity.
Table 3: Results for office building zone temperature forecasting

(RMSE in °C), best result for each horizon is marked bold
Horizon % [h]

Model 1 2 4 8
TimesFM (Univ.) 0.160 0.303 0.611 1.022
Chronos (Univ.) 0.175 0.268 0.365 0.427
Chronos Cov. (past) 0.184 0.302 0.410 0.425
Chronos Cov. (p+f) 0.175 0.284 0.375 0.396
Chronos Causal 0.163 0.257 0.346 0.373
ARIMA 0.183 0.286 0.437 0.696
GRUGCN (4 hours) 0.386 0.418 0.466 0.682
GRUGCN (8 hours) 0.374 0.458 0.496 0.665
GCN (4 hours) 0.600 0.576 0.665 0.766
GCN (8 hours) 0.652 0.734 0.836 0.893

Office building - HVAC energy usage
Among the results for HVAC energy-use forecasting in
the office building (Table 4), TimesFM stands out by
achieving the best predictions for horizons up to 4 hours.
While the GNN-based models and ARIMA perform at a
similar level, TimesFM outperforms them but still shows
a decrease in accuracy for longer horizons: it falls be-
hind all Chronos variants for the 8-hour horizon. Among
the Chronos variants, the past-and-future-covariate setting

performs best for the longest horizon. We also find that,
in this task adding covariates yields smaller gains than
in other cases as the target variable depends on a wide
range of factors. In particular, the causal-graph variant,
which incorporates a large number of covariates, serves as
a scalability test for the in-context learning (ICL) mecha-
nism. The strong drop in performance indicates that this
approach may not suitable when many covariates are used.
The availability of diverse sensor data highly benefits the
graph-based approaches, as they perform similarly to the
TSFMs and ARIMA up to the 4-hour horizon. Given the
complex graph structure, adding a GRU layer to capture
temporal patterns does not improve performance, as results
are similar to those of the GCN model.
AlthoughHVAC energy data for the office building are still
noisy, the patterns are easier to predict because they are
governed by observable behavior represented in the graph.
Table 4: Results for HVAC energy usage forecasting (RMSE in

kWh), best result for each horizon is marked bold
Horizon % [h]

Model 1 2 4 8
TimesFM (Univ.) 0.71 0.88 1.15 1.50
Chronos (Univ.) 0.94 1.08 1.32 1.44
Chronos Cov. (past) 0.95 1.07 1.30 1.41
Chronos Cov. (p+f) 0.95 1.07 1.29 1.38
Chronos Causal 3.58 4.31 4.65 5.62
ARIMA 0.90 1.07 1.32 1.54
GRUGCN (4 hours) 0.96 1.10 1.31 1.56
GRUGCN (8 hours) 0.95 1.14 1.35 1.58
GCN (4 hours) 0.94 1.10 1.31 1.56
GCN (8 hours) 0.96 1.14 1.34 1.58

Conclusion and outlook
In this paper, we compare the predictive performance of
two state-of-the-art time-series foundation models with
ARIMA and graph neural network (GNN)-based ap-
proaches. We also present a new approach for configuring
covariates based on causal relationships encoded in graph
representations. Using two real-world building case stud-
ies of residential and office use, we compare forecasting
performance for HVAC energy use, thermal-zone temper-
ature, and relative humidity.
The study finds that TSFMs show strong performance
on both examined IEQ tasks, surpassing the GNN-based
models. By comparing results across datasets with dense
sensor coverage and lower data availability, we conclude
that TSFMs are a strong alternative to training machine
learning models from scratch, particularly in use cases
where high-quality data are scarce. As the number of
measurements incorporated for graph learning grows, the
performance gap between pretrained TSFMs and the rel-
atively simple GNNs used in our experiments shrinks. In
cases with high sensor coverage, we show that Chronos’
in-context learning capabilities can benefit from causal co-
variates and perform better than most Chronos runs with
only historical data. However, the HVAC use case also



indicates that identifying a refined set of causal variables
is important. This suggests that semantic graph models
could help identify more effective covariate sets.
Regarding the two TSFMs we compare, Chronos per-
forms best in three out of four experiments and main-
tains its accuracy better as the prediction horizon in-
creases. Chronos’ support for incorporating known fu-
ture covariates into the prediction horizon shows potential
to help maintain performance for longer horizons in the
temperature-forecasting task, but does not consistently im-
prove performance across all experiments. As the office-
building HVAC results show, it cannot be assumed that co-
variate forecasting is superior to univariate forecasting in
every case. In addition, although covariate support moves
beyond purely historical-context forecasting, current pre-
diction pipelines do not incorporate metadata, semantic
context, or natural-language inputs, as proposed, for ex-
ample, by Mulayim et al. (2025).
Overall, while causality-informed TSFMs show promise
for building-related forecasting tasks, their performance
varies across use cases, and further research is needed to
identify the factors that govern their effectiveness. Beyond
predictive accuracy, practical deployment also requires in-
terpretability. Although TSFMs have proven valuable for
prediction tasks with sparse data, other aspects remain un-
derstudied. Trust in predictions in real-world applications
is often undermined by the black-box nature of machine
learning models (Chen et al., 2023). While ML and GNN
models can be augmented with explainability techniques
such as GNNExplainer (Ying et al., 2019), the nature of
pretraining and learning solely from time-series data and
covariates limits TSFM explainability. For future research,
we propose augmenting zero-shot TSFMs with semantic
context and exploring synergies that combine the strengths
of TSFMs with classical machine learning models and se-
mantically explainable causal information.
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