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Abstract

Probabilistic building energy demand forecasting is critical for ad-
vanced energy management but remains challenging due to build-
ing heterogeneity, data scarcity, and non-stationary behavior. Al-
though Time Series Foundation Models (TSFMs) promise scalable
generalization from large-scale pretraining and are intended for
zero-shot forecasting without additional training, their default set-
tings often fail to reach satisfactory accuracy. As a result, prior
work frequently relies on fine-tuning to achieve competitive per-
formance, thereby undermining the out-of-the-box applicability of
the models by increasing computational cost, data requirements,
and sensitivity to model configuration. Furthermore, successful
covariate integration in TSFMs remains largely unexplored, limit-
ing their effectiveness in settings dominated by external influences
such as weather conditions or calendar effects. In this work, we
aim to demonstrate that covariate integration in zero-shot settings
constitutes a more robust and scalable alternative to fine-tuning for
building energy parameter forecasting. We evaluate three TSFMs on
two real-world building energy demand time series from an office
building, with electrical load and cooling demand as target series
that exhibit challenges like external influences, limited data and
concept drift. Zero-shot and fine-tuned TSFMs are benchmarked
against multiple baseline models. Our results show that covariate
integration yields substantial performance gains for Chronos-2 and
Chronos across both target series, outperforming all baseline mod-
els, while MOIRAI does not benefit from future covariates due to
insufficient pretraining. Fine-tuning proves to be highly sensitive
to the target series and model configuration, while comparable or
superior performance can already be achieved in zero-shot settings
by substantially extending the context length, which also increases
robustness to concept drift. These findings highlight the potential of
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covariate-informed zero-shot forecasting with TSFMs as a practical
and scalable alternative in real-world building energy applications.
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1 Introduction

Probabilistic forecasting of building energy demand is critical for
advanced energy management but remains challenging due to het-
erogeneous building types, individual usage patterns, and the inter-
action of different energy domains [4, 18, 36]. These challenges are
amplified by limited data, especially in cold-start scenarios, and by
non-stationary conditions caused by concept drifts in real-world
operation. As a result, building-specific models are computationally
expensive, data-intensive, and therefore poorly scalable [1, 4, 21].
Time Series Foundation Models (TSFMs) offer a promising solution
to this problem by enabling out-of-the-box generalization through
large-scale pretraining on high-volume, heterogeneous time series
datasets covering multiple temporal resolutions and domains, in-
cluding the energy sector [27, 40]. Most TSFMs are built on the
Transformer architecture [47] and use a context window of past ob-
servations as input, where attention mechanisms selectively weight
the most informative parts of the history to generate predictions of
the future. In order to improve predictive performance, TSFMs can
be fine-tuned by continuing training on task-specific data to adapt
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pretrained representations to a particular dataset and forecasting
setting [27]. While existing research often relies on fine-tuning
to achieve competitive results, it contradicts the out-of-the-box
paradigm of TSFMs, as fine-tuning introduces high computational
costs, requires additional data, and is sensitive to model configu-
ration. Furthermore, very little research to date has shown ben-
eficial integration of covariate information, despite some TSFMs
explicitly offering support for their incorporation. This limits fore-
casting performance in many applications, as external influences
such as weather conditions or operational changes cannot be fully
accounted for. With this work, we aim to demonstrate that the
integration of covariates in a zero-shot setting represents a more
promising research direction than fine-tuning in univariate scenar-
ios, particularly with regard to widespread applicability across a
broad range of tasks. Our main contributions are as follows:

e We evaluate three state-of-the-art TSFMs (Chronos-2 [5],
Chronos [6], and MOIRAI [49]) on two real-world office
building time series (electrical load and cooling load) and
compare zero-shot and fine-tuned performance against sev-
eral baseline forecasting models.

e We investigate the impact of incorporating continuous phys-
ical drivers and encoded calendar events as covariates, and
assess whether covariate-enhanced zero-shot forecasting
can outperform fine-tuned univariate approaches.

e We systematically analyze the effect of substantially ex-
tended context lengths and the stability of fine-tuning under
different training configurations

This study is structured as follows. Section 2 reviews related
work. Section 3 introduces the data and data splits. Section 4 presents
the TSFMs and baseline models considered in this study. Section 5
describes the methodology, including experimental design, model
configurations, and evaluation metrics. Section 6 reports the results,
which are discussed in Section 7. Section 8 summarizes our key
findings and provides an outlook into possible research directions.

2 Related Work

The application of TSFMs for univariate forecasting of electrical
load in buildings has been widely studied. Prior work, including [16,
35, 37] and [40], examines the effects of forecast horizon and context
length in zero-shot settings and consistently reports declining accu-
racy for longer forecast horizons and improved performance with
longer contexts. Despite this evidence, many studies restrict the
context to a few days or one week (e.g., [28, 29, 35, 37, 38, 45]), while
others extend the context up to about three weeks (e.g., [16, 26]).
In comparison to other models, zero-shot performance of TSFMs
varies substantially across studies. While [35] and [45] report ac-
curacy comparable to task specific Transformer models, [38] and
[40] report only marginal improvements over simple baselines and
statistical methods, indicating strong dataset dependence. More-
over, zero-shot benchmarking of TSFMs may be biased by data
leakage from large pretraining corpora, as discussed in [35] and
[37]. To improve univariate forecasting performance, the effect of
fine-tuning on specific datasets is studied in [16, 26, 39] and [12].
While fine-tuning consistently outperforms zero-shot inference,
the gains vary widely with dataset, fine-tuning strategy, and hyper-
parameter choices, complicating cross-study comparisons.
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In contrast to the existing literature on electrical building load
forecasting, no study to date investigates the application of TSFMs
for cooling demand or cooling load forecasting. Instead, existing
data driven studies in this domain utilize a variety of approaches
such as large language model based time series forecasting frame-
works [50], hybrid approaches combining wavelet decomposition
and LSTM networks [48], or feedforward neural networks whose
parameters are optimized using the Teaching-Learning-Based Op-
timization (TLBO) metaheuristic [46]. One possible explanation for
this research gap is the strong dependence of cooling demand on
external drivers such as weather conditions, making the effective in-
tegration of covariates essential. Despite recent advances in TSFMs
with native covariate support, such as MOIRAI [49], ChronosX [41],
and Chronos-2 [5], as well as adaptations of univariate models to
multivariate settings like [14] and [42], successful covariate inte-
gration into TSFMs for building energy forecasting remains largely
unexplored. For instance, [38] reports that MOIRAI does not show
improved performance with covariate integration in electrical load
forecasting, and [33] highlights similar limitations in electricity
price prediction. Given the strong influence of external factors on
building energy parameters [17, 23], further research to effectively
integrate covariate information into TSFMs remains necessary [35].

3 Data

This section presents the two target time series used in this study,
the Building Load series and the Cooling Demand series. Both time
series are real-world data from an office building at KIT Campus
North in Germany. Since the dataset is not publicly available to date,
the common issue of data leakage [35] can be excluded, allowing for
an unbiased comparison of model performance. All data is neither
standardized nor normalized, as all employed TSFMs perform inter-
nal standardization [5, 6, 49]. For verification and reproducibility of
our results, the dataset will be published on https://github.com/KIT-
IAI/Probabilistic-Building-Energy-Forecasting- TSFMs.

3.1 Building Load Time Series

The Building Load time series contains the total electrical power
consumption of the building from January 2024 to May 2025. It has
an hourly resolution and exhibits pronounced daily and weekly
patterns. Irregularities occur on public holidays and during vaca-
tion periods. To capture these effects, a single covariate is used
that combines a sinusoidal encoding of the daily cycle with a bi-
nary encoding of public holidays, as depicted in Appendix A Figure
12. Depending on the building type and usage characteristics, this
encoding can be adapted or extended to represent alternative oper-
ational schedules or event structures.

3.2 Cooling Demand Time Series

The Cooling Demand time series contains electrical energy con-
sumption data of a Panasonic R410A split-type air-conditioning
(AC) unit located in the server room of the building, covering the
period from February 23 to May 31, 2025. The series exhibits a
daily pattern, since the coefficient of performance (COP) of the
unit is strongly influenced by outdoor air temperature, as shown
in Figure 1. Therefore, outdoor air temperature information mea-
sured at a weather station at KIT Campus North is incorporated
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as a covariate to improve forecasting accuracy. The short duration
of the dataset introduces concept drift due to seasonal effects, as
the series begins in the colder month of February and ends in the
warmer month of May (see Appendix A Figure 13).
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Figure 1: Electrical energy consumption of the split type AC
unit versus outdoor air temperature.

3.3 Dataset Splits

For fine-tuning, the data is split into train, validation, and test sets.
Since the target series differ in length, two splits are used. For the
Building Load time series, the year 2024 is used for training, January
to March 2025 for validation, and April to May for testing. For the
Cooling Demand time series, data from February 23 to the end of
March is used for training, April for validation, and May for testing.

4 Models

This section presents the TSFMs and baseline models considered
in this study. Due to the limited number of TSFMs supporting co-
variates, we selected three widely used models that employ distinct
strategies for integrating covariate information.

MOIRAL MOIRAI [49] is an encoder-only Transformer that rep-
resents time series as non-overlapping patches. These patches are
processed through Multi-Patch-Size Input Projection layers, with
patch sizes determined by the data frequency. MOIRAI is a mul-
tivariate model, supporting the integration of both past and fu-
ture covariates. It is trained on the LOTSA dataset [49], contain-
ing around 27B observations from over 100 uni- and multivariate
datasets. The model is available in Small, Base, and Large con-
figurations, ranging from 14M to 311M parameters. This study
employs MOIRAI-1.1R-small. MOIRAI generates a set of forecast
samples from which point predictions are computed as the mean
of these samples, following the approach in [10], and quantiles for
probabilistic forecasts are computed empirically from the sample
distribution at each time step. MOIRAI has two direct successors in
MOIRAI-MoE [31] and MOIRAI 2.0 [30]. However, as demonstrated
in [25], MOIRAI-MoE does not show improved performance over
MOIRAI on cooling load data, particularly on high-resolution time
series, while MOIRAI 2.0 is limited to univariate forecasting [30]
and therefore not suitable for this study.

Chronos. Chronos [6] is a time series forecasting framework that
adapts language models by scaling and quantizing values into a
fixed vocabulary for tokenization. It is built on the T5 encoder-
decoder Transformer architecture [44] but can also be used with
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decoder-only architectures such as GPT-2 [43]. Originally a uni-
variate model, Chronos incorporates covariates via a preceding
regression model and forecasts the residuals between regression
predictions and ground truth [9]. Chronos is available in different
sizes, and this study employs the Chronos-Bolt-Mini [7] variant
with 21M parameters. The model generates multiple forecast sam-
ples, from which point forecasts are the sample mean and quantiles
are computed as empirical quantiles across samples at each forecast
step [6].

Chronos-2. Chronos-2 [5] is a multivariate, encoder-only Trans-
former based on the T5 encoder [44]. After scaling and tokenization
of the input series, it employs a time attention layer to model tem-
poral dependencies within each series, and a group attention layer,
which enables in-context learning by sharing information across re-
lated series or covariates within a group. The model produces direct
multi-step probabilistic forecasts via a quantile head, from which
point forecasts are derived as the median of the predicted quantiles.
To date, Chronos-2 is available in a single 120M-parameter config-
uration and is trained on large-scale univariate time series from
the Chronos [6] and GIFT-Eval [2] training corpora, supplemented
with synthetic multivariate time series [5].

SARIMAX. The seasonal autoregressive integrated moving aver-
age with exogenous variables (SARIMAX) model is a statistical time-
series forecasting method that extends the ARIMA [13] framework
by incorporating both seasonal dynamics and external regressors
[3]. In this study, SARIMAX serves as a baseline model to provide
a reference for evaluating the TSFMs. The non-seasonal compo-
nent is specified as ARIMA(1,1,1), while the seasonal component
is defined as (1,0,1) with a seasonal period of 24, corresponding to
daily seasonality in hourly data. The context length is set to 672
hours (four weeks) of historical data, and model parameters are
estimated using maximum likelihood. Quantiles ¢; are obtained
using the SARIMAX implementation provided by sktime [24, 32],
which directly supports quantile forecasting.

Last Day. As a second baseline for the Building Load time se-
ries, forecasts are obtained from the value at the same time on the
most recent comparable day, distinguishing between weekdays and
weekends. This exploits the strong daily and weekly patterns while
accounting for differing consumption behavior.

Linear Regression. As a second baseline for the Cooling Demand
time series, a linear regression model is fitted on the training data,
capturing the relationship between the energy demand and the
outdoor air temperature. Forecasts are obtained by applying the
model to the temperature data in the forecast window.

5 Methodology

This section presents the methodology used for the main exper-
iments, including experiment design, evaluation metrics and the
hardware and software used to conduct the experiments.

5.1 Experiment Design

All three TSFMs are evaluated using a rolling evaluation with
stride 1 on the test sets of both target time series. The forecast
horizon is fixed to three days, corresponding to 72 values for hourly
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data. The models are compared using one and four weeks of context,
with and without covariate integration, and in zero-shot! as well as
fine-tuned settings. The model-specific fine-tuning parameters are
summarized in Table 1. Originally, MOIRALI is pre-trained with the
Negative Log-Likelihood loss [49]. However, as fine-tuning showed
no improvement with this loss, it is changed to the MSE. Further-
more, we used a patience of 100, as fine-tuning improvements with
MOIRALI often occur after longer periods of stagnation. Due to the
limited length of the Cooling Demand time series, fine-tuning is
performed only with a one-week context, as a longer context would
otherwise significantly reduce the size of the training set. As de-
scribed in Section 4, Chronos incorporates covariate information
via a preceding regression model, which is applied consistently
during both fine-tuning and inference. For the Building Load time
series, an Extreme Gradient Boosting model is used, while a Linear
Regression model is employed for the Cooling Demand time series.

Table 1: Fine-tuning parameters for MOIRAI, Chronos, and
Chronos-2, applied to both target series.

Parameter MOIRAI  Chronos Chronos-2
Learning Rate 1074 1073 1073
Batch Size 32 32 32
Patch Size 322 1 16
Loss Function MSE  Cross-Entropy Quant. Regress.
Optimizer AdamW AdamW AdamW
Patience 100 - -
Fine-tuning Steps - 5,000 5,000
5.2 [Evaluation Metrics
Mean Absolute Error:
LN
MAE=N;|yi—yi|. M

The Mean Absolute Error (MAE) is the average of the absolute differ-
ences between the actual values y; and predicted values 7J;, with N
denoting the number of forecast windows times the forecast length.
Using absolute errors prevents over- and underestimations from
cancelling out. MAE is computationally efficient, easy to interpret
due to its consistent units, and robust to outliers [20].

Continuous Ranked Probability Score:

CRPS(F,y) = /R (F(2) - 1y<z))? dz. )

The Continuous Ranked Probability Score (CRPS) is a scoring rule
for evaluating probabilistic forecast and is defined as in Equation 2.
Here, F(z) denotes the predicted cumulative distribution function,
1{y<) is an indicator function that equals 1 if y < z and 0 other-
wise, and R represents the domain of all real numbers over which
the integral is evaluated [22, 34]. To limit computational cost, the
CRPS is commonly approximated as

! As the definition of zero-shot sometimes differs in related work, our understanding is
defined in Appendix A.
2 A detailed description of the patch size selection can be found in Appendix A.
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N
2
CRPS(F,y) ~ + Zl Aa (ger>Y): 3
where a; € (0, 1) are the quantile levels, g, are the corresponding
quantile predictions, and A4 (g, y) is the quantile loss function

Aa(q,y) = (a_l{y<q})(y_q)- (4)

This approximation is used, for example, in [11], [25] and [49],
and is applied in this study. For CRPS calculation, we use M =
9 equally spaced quantiles @; € {0.1,0.2,...,0.9} for MOIRAI,
Chronos and the SARIMAX baseline. Chronos-2 outputs 21 quan-
tiles a; € {0.01,0.05,0.10, . ..,0.95,0.99}, but since Eq. (3) requires
evenly spaced a;, we exclude the two extreme levels and set M = 19
with a; € {0.05,0.10,...,0.95}.

5.3 Hardware and Software

The experiments are conducted on a workstation equipped with
an Intel Core i7-10700 CPU and an NVIDIA RTX 3070 GPU with 8
GB VRAM. They are performed in a Python 3.11 environment using
libraries such as Pandas, NumPy, Matplotlib and others.

6 Experiment Results

Tables 2 and 3 present the test-set results for both target time series,
as well as the respective fine-tuning durations (FID). On the Build-
ing Load time series (Table 2), Chronos achieves the overall best
performance in fine-tuned setting with a four-week context and
integrated covariate, closely followed by the equivalent zero-shot
configuration. Chronos-2 attains its best result in zero-shot setting
with a four-week context window and covariate integration, per-
forming only slightly worse than the best Chronos configuration.
MOIRAI achieves its best performance for point forecasts in fine-
tuned setting with a four-week context and without covariate, while
its best performance for probabilistic forecasts is obtained in the
equivalent zero-shot configuration. In all settings, MOIRAI exhibits
a substantially higher error than the best Chronos and Chronos-2
configurations, and only marginally outperforms the SARIMAX
baseline in its best-performing setup. Across all models, a longer
context of four weeks leads to notably improved performance in
zero-shot setting. Regarding the effects of fine-tuning, all models
exhibit substantial improvements when using a one-week context
window. In contrast, the impact of fine-tuning with a four-week
context window is mixed. With respect to covariate integration,
Chronos and Chronos-2 benefit significantly from the holiday en-
coding, whereas MOIRAI shows slightly degraded performance.
On the Cooling Demand time series (Table 3), Chronos-2 achieves
the overall best performance in a zero-shot setting with a four-
week context window and covariate integration. Chronos, in its
best configuration under the same zero-shot setup, performs only
slightly worse in terms of point forecasts, while the performance
gap is more pronounced for probabilistic forecasts. MOIRAI also at-
tains its best results in a zero-shot setting with a four-week context
and covariate integration, but exhibits a significantly higher error
than Chronos and Chronos-2. Although MOIRAI slightly outper-
forms the SARIMAX baseline in probabilistic forecasting, it clearly
falls short to the baseline in point forecast accuracy. In contrast to
the Building Load, extending the context from one week to four
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Table 2: Results on the Building Load time series.

Model Cov. Context Type MAE CRPS FID
[Weeks] [kW]  [kW] [min]
Last Day No - - 1.42 - -
SARIMAX Yes 4 - 1.38 1.35 -
MOIRAI No 1 ZS 1.92 1.43 0
MOIRAI No 4 ZS 1.37 1.08 0
MOIRAI Yes 1 A 1.98 1.46 0
MOIRAI Yes 4 ZS 1.48 1.12 0
Chronos No 1 ZS 1.29 1.03 0
Chronos No 4 ZS 1.15 0.93 0
Chronos Yes 1 ZS 1.18 0.94 0
Chronos Yes 4 ZS 1.05 0.84 0
Chronos-2  No 1 ZS 1.48 1.17 0
Chronos-2 No 4 ZS 1.17 0.93 0
Chronos-2  Yes 1 ZS 1.28 0.99 0
Chronos-2  Yes 4 ZS 1.09 0.86 0
MOIRAI No 1 FT 1.37 1.13 175.10
MOIRAI No 4 FT 1.36 1.15 110.45
MOIRAI Yes 1 FT 1.56 1.22 99.41
MOIRAI Yes 4 FT 1.45 1.17 79.33
Chronos No 1 FT 1.17 0.93 2.93
Chronos No 4 FT 1.16 0.93 3.23
Chronos Yes 1 FT 1.08 0.85 3.00
Chronos Yes 4 FT 1.03 0.82 3.21
Chronos-2  No 1 FT 1.15 0.88 10.32
Chronos-2  No 4 FT 1.27 1.04 11.52
Chronos-2  Yes 1 FT 1.13 0.87 6.97
Chronos-2  Yes 4 FT 1.19 0.98 10.18

weeks only leads to small improvements across all models, and fine-
tuning significantly degrades test-set performance. By comparison,
incorporating temperature information as a covariate substantially
improves the forecast accuracy of Chronos-2 and Chronos, and only
configurations with covariate integration are able to outperform
the covariate-informed baseline in both error metrics. Similar to
the Building Load time series, MOIRAI only benefits little or not at
all from covariate integration.

Comparing the FTD of all models across both time series, MOIRAI
on average exhibits substantially longer fine-tuning times, reaching
over one hour, whereas Chronos and Chronos-2 only take a few
minutes.

Figure 2 displays the development of inference runtime per fore-
cast window for all evaluated TSFMs on the test set of the Building
Load time series across different context lengths. All models are
evaluated in zero-shot setting, both with and without covariate in-
tegration, and each reported value represents the mean of a sample
of size N = 5. MOIRAI consistently achieves the shortest average
inference runtime across all context lengths, ranging around 0.02
seconds. Chronos-2 shows slightly higher runtimes of up to 0.03 sec-
onds, while Chronos requires substantially longer runtimes across
all context lengths, reaching just above one second. From a context
length of 13 weeks onward, the Chronos plot is displayed transpar-
ently, as the model’s maximum context length of 2,048 is reached.

176

ACM Sustainability Week Companion ’26, June 22-25, 2026, Banff, AB, Canada

Table 3: Results on the Cooling Demand time series.

Model Cov. Context Type MAE CRPS FTID
[Weeks] W] [W]  [min]

Lin. Reg. Yes - - 213.41 - -

SARIMAX Yes 4 - 127.00 148.38 -

MOIRAI No 1 ZS 19291 150.17 0

MOIRAI No 4 ZS 183.09 141.35 0

MOIRAI Yes 1 ZS 18335 142.94 0

MOIRAI Yes 4 ZS 174.53 136.77 0

Chronos No 1 ZS  179.55 143.17 0

Chronos No 4 ZS  173.77 137.56 0

Chronos Yes 1 ZS 10190 82.90 0

Chronos Yes 4 ZS 96.81  78.05 0

Chronos-2  No 1 ZS  207.09 163.75 0

Chronos-2 No 4 7S 184.91 145.27 0

Chronos-2  Yes 1 ZS 105.88 85.18 0

Chronos-2  Yes 4 ZS 95.22 75.32 0

MOIRAI No 1 FT 217.46 171.71 71.96

MOIRAI Yes 1 FT 242.28 185.70 64.17

Chronos No 1 FT  196.86 15898 2.90

Chronos Yes 1 FT 102.68 82.57 2.83

Chronos-2  No 1 FT  220.06 199.99 6.67

Chronos-2  Yes 1 FT 136.20 11045 6.81

¥ T T

.S 14—

®

S

% —— Chronos —— With Covariate

2 —— Chronos-2  --- Without Covariate

g 0.11

5 —— MOIRAI

<

o el

D

o 1

5]

2001 ‘ | | | | | | |
2 4 6 8 10 12 14 16

Context [Weeks]

Figure 2: Average inference duration per forecast versus con-
text length on the Building Load time series. All models are
used in zero-shot setting.

Any excess context is processed but no longer contributes to predic-
tion generation. As runtime differences across models may partly
arise from slight differences in the respective inference pipelines,
the figure primarily serves to assess how runtime scales with con-
text length and covariate integration within each model. While
MOIRALI shows a slight increase in inference runtime with longer
context lengths, no such effect is visible for Chronos and Chronos-2.
Additionally, incorporating covariates leads to a modest increase
in runtime for all models. While the runtime difference between
using covariates and not using them slightly grows with increasing
context length for MOIRAL this is not the case for Chronos and
Chronos-2.
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7 Discussion

This section discusses and interprets the results presented in Section
6. To illustrate differences in model performance, selected figures
showing individual forecast windows from the rolling evaluation
on the test sets are presented. For reasons of clarity, the figures
do not display all confidence intervals used in the computation
of the CRPS, but only the central 80 % prediction interval. The
section is structured into two subsections, discussing the impact of
fine-tuning and covariate integration on model performance.

7.1 Impact of Fine-tuning

Fine-tuning exhibits strongly heterogeneous effects across time
series and context lengths, but limited variation across model archi-
tectures, suggesting that some conclusions generalize across models.
On the Building Load time series, fine-tuning yields substantial per-
formance improvements across all TSFMs for a one-week context
length. This is likely caused by the pronounced weekly seasonality,
which is weakly captured (without repetitions) in zero-shot set-
ting with short context but effectively learned during fine-tuning.
When a four-week context is applied, the weekly pattern is repre-
sented more explicitly in the input, resulting in smaller or marginal
fine-tuning gains compared to the equivalent zero-shot setting. In
contrast, none of the models benefit from fine-tuning on the Cooling
Demand series due to pronounced concept drift, which prevents
learned relationships from the training set from generalizing to the
test set. This highlights the practical requirement for continuous
drift monitoring when deploying fine-tuned TSFMs, potentially ne-
cessitating retraining strategies such as rolling fine-tuning, which
introduce substantial operational overhead.

Independent of possible performance gains, fine-tuning consistently
increases model complexity and implementation effort, raising the
question of whether the additional cost is justified, particularly
when comparable performance can be achieved in zero-shot set-
tings using longer context lengths. Moreover, fine-tuning is not
always straightforward in practice. For MOIRAL, fine-tuning with
the default loss function was unsuccessful, requiring a modified
loss that resulted in highly volatile training dynamics, delayed im-
provements, and increased patience requirements. Chronos and
Chronos-2 exhibit significantly shorter fine-tuning durations than
MOIRAL as shown in Tables 2 and 3, although optimal performance
is often reached very early, sometimes within the first epoch. This
suggests that further gains may be achievable through hyperpa-
rameter optimization. However, this would introduce additional
time series— and configuration-specific overhead, counteracting the
intended out-of-the-box usability of TSFMs.

7.2 Impact of Covariate Integration

Tables 2 and 3 demonstrate that Chronos and Chronos-2 benefit
from covariate integration across both time series in zero-shot and
fine-tuned settings. The relative performance gains are substan-
tially larger for the Cooling Demand series than for the Building
Load series, since the covariate in the Building Load task represent
infrequent events with limited contribution to the mean test error,
enabling some non-covariate models to outperform the baselines.
In contrast, no model without covariate information surpasses the
SARIMAX point forecast accuracy on the Cooling Demand series.
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Figure 3: Building Load prediction with Chronos in zero-shot
setting, one week context and no covariate.
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Figure 5: Building Load prediction with Chronos in zero-shot
setting, one week context and covariate.
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Figure 6: Building Load prediction with Chronos-2 in zero-
shot setting, one week context and covariate.

To illustrate the effect of holiday encoding on the Building Load
time series, Figures 4, 5, and 6 present forecasts generated by the
three models in a zero-shot setting with covariate integration and
a context length of one week. The third day of the forecast horizon
corresponds to a public holiday, which cannot be inferred from
the context data alone in the absence of external information. In
contrast, Figure 3 shows a forecast of the same prediction win-
dow generated by Chronos without covariate integration, result-
ing in a substantial error on the third day. Looking at Figure 4,
MOIRAI fails to predict the reduced load on the third forecast day,
despite the inclusion of holiday encoding. While the prediction
does indicate a lower load compared to the preceding days, this
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reduction mirrors the pattern observed in the previous week, indi-
cating that the model primarily relies on the inferred seasonality.
In contrast, Chronos (Figure 5) produces a substantially adjusted
forecast when provided with additional information. Chronos-2
(Figure 6), in the presented model configuration, exhibits behavior
similar to MOIRALI Although it predicts a lower load on the final
forecast day, the associated error remains large. This behavior can
be explained by the absence of a comparably encoded event within
the context window, with the most recent similar event occurring
approximately 15 weeks earlier, as marked by the red arrow in Fig-
ure 7. When this extended context is made available to Chronos-2,
the model adapts its prediction for the final forecast day. However,
this is not the case for MOIRAL, as shown in Appendix A Figure 14.
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Figure 7: Building Load prediction with Chronos-2 in zero-
shot setting, 16 weeks context and covariate. The red arrow
marks a public holiday in the context.
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Figure 8: Cooling Demand prediction with Chronos in zero-
shot setting, one week context and no covariate.
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Figure 11: Cooling Demand prediction with Chronos-2 in
zero-shot setting, one week context and covariate.

Figures 9, 10 and 11 present forecasts on the Cooling Demand
time series generated in a zero-shot setting with a one-week context
and outdoor temperature as covariate. For comparison, Figure 8
shows a Chronos forecast produced without covariate integration.
On the third day of the forecast horizon, a pronounced drop in
cooling demand occurs, directly caused by a change of outdoor air
temperature. Without access to external information, this behavior
cannot be predicted, leading to a substantial prediction error. Con-
sistent with the findings for the Building Load time series, MOIRAI
does not benefit from covariate integration, whereas Chronos ex-
hibits a markedly improved forecast accuracy when temperature
information is provided. In contrast to the Building Load series,
Chronos-2 already shows a substantial accuracy improvement with
only a one-week context window.

The presented results reveal pronounced differences in the ca-
pability of the compared TSFMs to capture relationships between
the target variable and its covariate. Although MOIRAI is designed
as a multivariate model with native support for past and future
covariates [49], the presented results demonstrate that it does not
benefit from the provided future covariates. This observation is
consistent with the findings reported in [38] and [33], where sim-
ilar behavior is observed but no further explanation is provided.
While MOIRAISs capability of future covariate integration is strongly
indicated in [49], the LOTSA training set contains only past covari-
ates [49], suggesting that the model was never trained to utilize
future information. This interpretation is further supported by the
absence of any implementation of future covariates in both the pre-
training and fine-tuning scripts provided for MOIRAI-1.1R-small.
Although future covariates are technically passed to the model
during inference and flattened together with the target, this pro-
cessing likely accounts for the slight differences observed in the
resulting predictions rather than reflecting an effective use of future
covariate information. Consequently, while the implication in [49]
is technically correct, the classification of MOIRAI as a model with
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effective support for future covariates should be critically reconsid-
ered. This assessment does not extend to past covariates, as their
effect was not evaluated in the presented experiments and both the
pre-training and fine-tuning scripts include an implementation for
past covariates.

The observed performance improvements of Chronos resulting
from covariate integration are consistent with its architectural de-
sign, as covariates are incorporated via an upstream regression
model. The effectiveness of this approach is demonstrated by the
comparison between the linear regression baseline on the Cool-
ing Demand time series and Chronos combined with the linear
regression model, where both regression models are trained on
identical data. The substantial gain over the regression-only base-
line highlights the added value of residual modeling with Chronos.
Notably, these improvements are already evident for short context
lengths, regardless of whether covariates are continuous param-
eters or encodings of singular events. Since covariate integration
occurs during the fitting of the regression model rather than within
the context window, the training dataset must include the relevant
singular events for their effects to be captured and exploited during
forecasting. However, this strategy increases complexity and re-
quires domain expertise, since regression model suitability is highly
time-series dependent. Training the regression model also weakens
the cold-start capability of the model and increases its susceptibility
to concept drift. While refitting the regression model on the con-
text window at inference time could mitigate these issues, it would
introduce substantially higher computational costs and inference
latency.

Chronos-2 emerges as the only evaluated TSFM with beneficial
native integration of future covariate information. At the same
time, it achieves predictive performance on par with Chronos while
retaining key advantages of TSFMs, including out-of-the-box ap-
plicability and cold-start capability. However, the effective use of
covariates depends strongly on their type and requires different
integration strategies. Relationships between the target variable
and continuous physical drivers are already captured reliably with
relatively short context, while encoding of discrete events requires
careful selection of the context length. In particular, rare events may
necessitate substantially extended contexts to ensure that relevant
historical occurrences are included. This raises questions regarding
the impact of extended context lengths on forecasting performance,
particularly in prediction windows that do not contain any encoded
rare events. While long historical contexts may be necessary to
capture infrequent events, they may also amplify the influence of
concept drift by introducing outdated or irrelevant information,
thereby adversely affecting predictive accuracy. To investigate this,
we conduct follow-up experiments with Chronos-2, systematically
analyzing the effects of long context lengths on forecast quality.
The results are presented in Appendix B.

8 Conclusion

Time Series Foundation Models have already shown promising re-
sults for building energy parameter forecasting, but prior work has
been limited to univariate settings and often required fine-tuning to
achieve competitive accuracy. However, modeling building energy
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dynamics purely through autoregressive patterns is inherently lim-
iting, as key drivers such as weather, occupancy, and operational
schedules are not accounted for. In this work, we investigate the
influence of covariate integration into TSFMs for building energy
parameter forecasting. We evaluate three TSFMs on two real-world
office-building energy demand time series, electrical load and cool-
ing demand, under external influences, limited training data, and
concept drift. For each target time series, we include covariate in-
formation, evaluate their respective impact on predictive accuracy
and systematically compare zero-shot and fine-tuned model config-
urations. Furthermore, we study the effect of context lengths up to
multiple months on accuracy and inference cost. Our key findings
can be summarized as follows:

e Incorporating covariates into TSFMs yields large accuracy
gains for the analyzed energy time series forecasts, and is
essential to achieve competitive performance in scenarios
driven by external factors. Among the evaluated TSFMs only
Chronos-2 provides reliable native covariate support. The
results further indicate that continuous covariates and dis-
crete event indicators require different handling, including
appropriate choice of context length and event encoding.

e Zero-shot performance improves substantially with long
contexts spanning multiple weeks to months. For Chronos-2,
no meaningful degradation is observed even when concept
drift occurs within the context, and increased context lengths
only marginally affect inference time. However, as pointed
out in [12], the usable context length of some TSFMs is ex-
plicitly limited (e.g., TimesFM [15] to 512 time steps), which
makes multi-month contexts infeasible for hourly data. This
limitation should be considered both when selecting TSFMs
for a given application and when developing new TSFMs.

o Fine-tuning is highly sensitive to model configuration and
the target series, limiting out-of-the-box robustness. On the
tested datasets, comparable or superior accuracy is achieved
in zero-shot setting by extending the context length, reduc-
ing the practical benefit of fine-tuning.

This work provides the basis for future research. First, the gener-
alization of our findings to upcoming TSFMs with future covariate
support, such as COSMIC [8] and TabPFN [19], can be tested. Sec-
ond, motivated by the results presented in Section 6 and the follow-
up experiments presented in Appendix B, event-aware dynamic
context selection should be investigated, in which context length is
chosen to ensure sufficient encoded event coverage without adding
uninformative history.
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Figure 12: Sinusoidal encoding of public holidays.

Figure 12 illustrates the holiday encoding scheme using a public
holiday on October 3rd as an example. Weekdays are represented by
a sinusoidal encoding, while weekends and public holidays remain
at zero.
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Figure 13: Cooling Demand time series.

Figure 13 displays the Cooling Demand time series. A drift of
electrical energy consumption is apparent across the entire series.

Definition Zero-shot. The TSFM is used without any task-specific
training of its own weights on the target dataset. In this work,
Chronos with a separately fitted regression model for covariates is
still considered zero-shot, as long as Chronos itself is not fine-tuned
on the residual series, even though the regression model is trained
on the training set.

Patch Size MOIRAL MOIRALI allows flexible selection of patch
sizes that have been pretrained on different frequency patterns of
time series data. Available options are [8, 16, 32, 64, 128, "auto"],
where "auto" automatically determines a suitable patch size based
on the frequency of the input time series [49]. Table 4 presents
the results of MOIRAI using different patch sizes. Notably, the
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Table 4: MAE [W] of MOIRAI on both target series using
different patch sizes. The experiments are conducted using a
prediction length of 3 days, a context length of 7 days, and
no covariate.

Patch Size Building Load [kW] Cooling Demand [W]
8 4.17 323.34
16 4.58 358.87
32 1.92 192.91
64 2.25 199.84
128 3.30 227.90
"auto" 2.30 200.31

"auto” function does not achieve the optimal result and does not
correspond to any of the explicitly available patch sizes, leaving it
unclear which patch size is internally selected by the model.
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Figure 14: Building Load prediction with MOIRAI in zero-
shot setting, 16 weeks context and covariate. The red arrow
marks a public holiday in the context.

B Follow-up Experiments

Based on the findings discussed in Section 7, this section presents
follow-up experiments regarding the effect of substantially in-
creased context lengths on forecast accuracy of Chronos-2. Figure
15a illustrates the development of the MAE of different Chronos-2
configurations on the test set of the Building Load time series across
different context lengths, reaching from one day to 112 days (16
weeks). The red and green curves denote zero-shot models with
and without covariates, while the blue curve represents covariate-
informed fine-tuned models. For the fine-tuned results, a separate
model is fine-tuned for each context length. All fine-tuning settings
are identical across models and follow Table 1, with context length
being the only varying parameter. The lower plot (purple) shows
the average number of holidays within the context window for each
context length, computed exclusively from context windows asso-
ciated with forecast windows containing at least one holiday that
does not fall on a weekend. Thereby, only cases in which holiday
encoding is expected to benefit forecast performance are considered.
For contexts up to six weeks, both zero-shot configurations exhibit
a nearly parallel and steep reduction in MAE, followed by a gradual
saturation. Across all context lengths, holiday encoding reduces the
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Figure 15: MAE of different Chronos-2 configurations across context lengths for both target time series

MAE, even without accurate holiday prediction (cf. Figure 6), indi-
cating a regularizing effect on the underlying demand structure that
is effective already for short contexts. Between 6 and 14 weeks, the
average holiday count in the context window remains constant and
the non-covariate zero-shot MAE plateaus, indicating that longer
contexts add little to non usable autoregressive information. In
contrast, the covariate-informed zero-shot MAE increases slightly,
which is consistent with a reduced effective contribution (dilution)
of the sparse holiday signal when context length grows without
increasing event coverage. At context lengths > 15 weeks, MAE
drops sharply for the covariate-informed model, coinciding with
the inclusion of the additional holiday depicted in Figure 7. These
findings motivate possible future research regarding event-aware
dynamic context selection, in which the context window is chosen
to include a minimum number of encoded events while avoiding un-
necessary context expansion when no additional events are added.
Comparing the zero-shot results to the fine-tuned models, fine-
tuning improves MAE mainly for short contexts, but this advantage
largely vanishes as context increases and zero-shot models often
match or outperform it. Furthermore, the fine-tuned models show a
significant MAE volatility across context lengths, indicating strong
configuration sensitivity and potentially costly hyperparameter
search, whereas zero-shot performance is more stable.

Figure 15b presents a similar analysis for the Cooling Demand time
series. Fine-tuned configurations are omitted due to the apparent
concept drift and the substantially smaller training set, and the
maximum evaluated context length is limited to nine weeks by
the series duration. The observable effects partly differ from those
obtained for the Building Load time series. For very short con-
text lengths, the non-covariate-informed model initially exhibits
a slight deterioration as the context is extended, suggesting that
the most recent observations are the most informative for accurate
forecasting. Only beyond a context length of approximately two
weeks does the error start to decrease again. In contrast, the covari-
ate informed model shows a similar behavior as on the Building
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Load series, as increasing the context length yields a strong initial
reduction in MAE. However, saturation occurs earlier, which is
consistent with weaker autoregressive structure and the absence
of pronounced weekly seasonality in cooling demand. Notably, the
MAE does not deteriorate significantly with longer context lengths,
indicating model robustness despite the apparent concept drift in
the series.
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