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Abstract

Covariates provide valuable information on
external factors that influence time series and
are critical in many real-world time series fore-
casting tasks. For example, in retail, covari-
ates may indicate promotions or peak dates
such as holiday seasons that heavily influence
demand forecasts. Recent advances in pre-
training large language model architectures
for time series forecasting have led to highly
accurate forecasters. However, the majority
of these models do not readily use covariates
as they are often specific to a certain task or
domain. This paper introduces a new method
to incorporate covariates into pretrained time
series forecasting models. Our proposed ap-
proach incorporates covariate information into
pretrained forecasting models through mod-
ular blocks that inject past and future co-
variate information, without necessarily mod-
ifying the pretrained model in consideration.
In order to evaluate our approach, we intro-
duce a benchmark composed of 32 different
synthetic datasets with varying dynamics to
evaluate the effectivity of forecasting mod-
els with covariates. Extensive evaluations on
both synthetic and real datasets show that
our approach effectively incorporates covari-
ate information into pretrained models, out-
performing existing baselines.

*Equal contribution. †Work done during internship at AWS.
Correspondence: Pedro Mercado pedroml@amazon.de. Code
available at https://github.com/amazon-science/chronos-
forecasting/tree/chronosx.

Proceedings of the 28th International Conference on Artifi-
cial Intelligence and Statistics (AISTATS) 2025, Mai Khao,
Thailand. PMLR: Volume 258. Copyright 2025 by the au-
thor(s).

1 Introduction

One important component for time series forecasting
–regardless of the forecasting model class– is exogenous
variables, also called covariates. Covariates provide
external information to the forecasting model and al-
low the forecasting model to adjust the forecast based
on this additional information. For example, the pre-
dicted energy output of a wind farm can be informed
by additional weather information like the forecasted
wind speed. While it is straightforward to incorpo-
rate covariate information into local statistical models
and global deep learning (or other machine learning)
models, it is less clear how this can be achieved for
pretrained forecasting models. Pretrained forecasting
models are trained across different datasets from differ-
ent domains and every dataset might have a different
number of variables with different properties, making
it difficult to pretrain these models with covariates.
Consequently, the majority of pretrained time series
models do not support covariate data (Dooley et al.,
2023; Goswami et al., 2024; Das et al., 2024; Ansari
et al., 2024). One notable exception is Moirai, which
introduces one possible way to address this problem
with a mechanism called “any-variate attention” that
can pretrain on datasets with a varying number of
covariates (Woo et al., 2024). Nevertheless, how to
include covariates into pretrained models that do not
natively support covariates remains an open question.

In this paper, we present an approach called
ChronosX to include covariate data into the pre-
trained forecasting model Chronos (Ansari et al., 2024).
Chronos is a pretrained model that is trained on a
time series dataset corpus without covariates. Drawing
inspiration from modular deep learning (Pfeiffer et al.,
2023), our proposed approach consists of attaching two
modules. The first module updates the pretrained to-
ken embeddings with past covariates and the second
module uses future covariates to adjust the output
distribution. These light-weight adapter modules can
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be quickly trained for a downstream forecasting task
even when the underlying pretrained model is frozen.
Moreover, we show that the same framework can be
extended to other pretrained models to incorporate
covariates and showcase this with state-of-the-art pre-
trained models such as TimesFM (Das et al., 2024)
and MOMENT (Goswami et al., 2024).

To validate our approach, we introduce a novel col-
lection of 32 datasets that emulates different kinds of
covariates together with several time dynamics. We also
demonstrate that ChronosX achieves low forecasting
error across 18 real-world datasets with covariates. Fur-
thermore, we show that the adapter approach can be
used to finetune a pretrained time series model on a tar-
get dataset, which is much faster than full finetuning of
the entire pretrained model. In summary, we make the
following contributions: 1) We introduce ChronosX,
an adapter approach for incorporating covariates into
pretrained models for time series forecasting, 2) we
show that the same framework can be extended to
other pretrained models to ingest covariates and intro-
duce TimesFMX and MOMENTX, 3) we introduce
a novel benchmark of 32 synthetic datasets that al-
lows us to evaluate how effective are forecasting models
in leveraging covariate information under different dy-
namics, 4) we demonstrate that ChronosX achieves
low forecasting error both for synthetic and real-world
datasets with covariates.

2 Background and Related Work

Time series forecasting is the task of extrapolating a
time series into the future based on its historical values
and, optionally, a set of covariates. These covariates
are external variables that potentially influence the
primary time series and may enhance the forecasting
model’s accuracy by providing additional context (e.g.,
weather may influence the sales of fans). In its general
form, time series forecasting can be cast as the problem
of modeling the conditional distribution,

P (zC+1:H |z1:C ,X1:H ; Φ), (1)

where z1:C = [z1, . . . , zC ] is the historical context of
the primary time series, zC+1:H = [zC+1, . . . , zH ] is the
future target until horizon H, X1:H = [x1, . . . ,xH ], are
covariates from the historical context until horizon H,
and Φ denotes a set of learnable parameters. In this
paper, we focus on the case where the primary time
series is univariate, zt ∈ R, while the covariates may
have multiple dimensions, xt ∈ Rc.

A wide variety of time series forecasting models have
been proposed in the literature. Based on how they
leverage time series data for training, they may be
categorized into: local and global models. Local models

such as ARIMA (Box et al., 2015) and ETS (Hyndman
et al., 2008) are fit individually for each time series. On
the other hand, global models such as DeepAR (Salinas
et al., 2020), TFT (Lim et al., 2021), PatchTST (Nie
et al., 2023), and NHiTS (Challu et al., 2023) are
trained across multiple time series from a given dataset,
and are able to leverage global patterns present within
a dataset.

Pretrained time series models. Recent
work (Ansari et al., 2024; Woo et al., 2024; Das et al.,
2024; Goswami et al., 2024) on large-scale training
of time series models has given rise to a category of
global models called pretrained models (also referred
to as “foundation” models). Pretrained models are
trained on a large corpus of time series data and
can be used for accurate zero-shot forecasting or fine-
tuned on downstream datasets and tasks. Moirai (Woo
et al., 2024), MOMENT (Goswami et al., 2024), and
TimesFM (Das et al., 2024) are pretrained models
based on patching (Nie et al., 2023). Specifically,
they convert time series into patches before processing
these patches with transformer-based models. Further,
TTM (Ekambaram et al., 2024) is a pretrained model
built on top of model blocks of TSMixer (Chen et al.,
2023), which is an architecture designed by stacking
multiple MLPs that allow to extract information effi-
ciently from both time and feature dimensions. On the
other hand, Chronos (Ansari et al., 2024) maps time
series values into tokens from a fixed vocabulary via
scaling and quantization, and trains existing language
models architectures on such time series tokens. Ansari
et al. (2024) show that this simple tokenization scheme
is very effective and Chronos models achieve zero-shot
performance comparable to deep learning models with
access to training data.

Forecasting with covariates. Covariates are es-
sential to account for external events in forecasting
models, such as peak dates in retail, planned strikes
that might disrupt traffic, or sports events that gen-
erate massive online attendance. Forecasting models
incorporate covariates in different ways. For instance,
in DeepAR (Salinas et al., 2020) covariates are part of
the input to the RNN block, whereas TFT (Lim et al.,
2021) explicitly encodes past and future covariates with
different encoding networks whose outputs are concate-
nated. ARIMA uses extra coefficients to account for
covariates, and NBEATSx (Olivares et al., 2023) and
N-HiTS (Challu et al., 2023) concatenate the primary
time series with past and future covariates and compute
a fixed input size. Moreover, Ekambaram et al. (2024)
introduce TTM-CM, a fine-tuning strategy for TTM
based on channel mixing that allows to integrate covari-
ates. To the best of our knowledge, the only pretrained
model that natively consumes covariates is Moirai (Woo
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Figure 1: Architecture of ChronosX. It consists of two blocks: the first block adds covariates of the past and updates
token embeddings. The second block adds future covariates updating the estimated distribution of the pretrained model.

et al., 2024), which flattens time series and covariates
into a single sequence and assigns a variate ID to dis-
tinguish between target time series and covariates. In
this paper, we introduce ChronosX, an adapter ap-
proach inspired by modular deep learning (Pfeiffer et al.,
2023), for incorporating covariates into the univariate
Chronos (Ansari et al., 2024) model which does not
support covariates natively.

3 ChronosX: Covariate Integration in
Pretrained Models

We now introduce the proposed model to add covariates
to pretrained models. We denote by ChronosX the
resulting model of adding covariates to the pretrained
model Chronos (Ansari et al., 2024). See Figure 1 for
an overview of the model architecture.

Chronos is a pretrained model for univariate prob-
abilistic time series forecasting based on the encoder-
decoder T5 transformer models. Chronos applies
a preprocessing scheme where time series are first
mean-scaled and then tokenized through a suitable
bin-quantization approach. The resulting tokenization
is then passed to generate the corresponding pretrained
embedding and fed into the encoder. Chronos uses
the categorical distribution over the vocabulary of to-
kens as output distribution, and is trained to minimize
the cross entropy between the distribution of the quan-
tized ground truth label and the predicted distribution.
For more details, we refer the reader to (Ansari et al.,
2024).

Our novel approach ChronosX adds the information
of covariates in two different stages: 1) we add covari-
ates from the past to update the corresponding token
embeddings, and 2) we add covariates of the future to
adjust the logits. Observe that, depending on the user
context, one can choose to either work with covariates
of the past, the future, or both. Following a modu-

lar deep learning paradigm (Pfeiffer et al., 2023), we
propose modules to achieve this while minimizing the
modifications to the original model.

ChronosX allows us to freeze any arbitrary portion of
the original architecture and just update the proposed
modules. In the following sections, we refer as Input
Injection Block (IIB) and Output Injection Block (OIB)
to the adapters injecting covariates from the past and
the future, respectively. See Figure 2 for a depiction of
these. Additionally, we will overload the notation and
use z for tokenized time series. In what follows we will
use fully connected feed-forward networks consisting of
two linear transformations with a ReLU activation in
between, FFN(x) = max(0, xW1 + b1)W2 + b2.

Input Injection Block. To add information of co-
variates from the past we update the token embed-
dings. Specifically, for every time step zt−1 we pass
the corresponding token embeddings and covariates
through independent linear layers and apply an FFN
to the ReLU of the concatenated mappings. Let
hemb(zt−1) ∈ Rdmodel be the pretrained token embed-
ding, the updated embeddings fIIB are defined as

fIIB (zt−1,xt−1) = hemb(zt−1)+gIIB(hemb(zt−1),xt−1)
(2)

and gIIB is defined as

gIIB(hemb(zt−1),xt−1) =

FFN
(
ReLU

(
hemb(zt−1)W

(emb)
IIB ⊕ xt−1W

(cov)
IIB

)) (3)

with linear mappings W
(emb)
IIB and W

(cov)
IIB and ⊕ repre-

sents the concatenation operator.

The function gIIB adjusts the embeddings of the tok-
enized time series value zt−1 by merging information
of covariates from the past xt−1 and the corresponding
time series embedding hemb(zt−1).
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Figure 2: Input and Output injection blocks used in ChronosX. Observe that IIB and OIB take past and future covariates,
respectively. Figure 2a shows that the input injection block takes a pretrained tokenized embedding together with covariates
of the past, whereas Figure 2b takes the pretrained logits (expressed as the final hidden state multiplied by a pretrained
matrix) together with covariates of the future. The blue color indicates that the module is taken from the pretrained
model.

Output Injection Block. We leverage information
from future covariates xt by adjusting the logits of
the pretrained model. These are generated through
a matrix multiplication between the last hidden state
and a pretrained matrix (Vaswani et al., 2017). The
adjusted logits are defined as follows: let hout(zt−1)
be the final hidden state corresponding to zt−1, and
Wout the pretrained matrix producing the logits in the
model, then the adjusted logits fOIB are defined as

fOIB (zt−1,xt) = hout(zt−1)Wout+gOIB(hout(zt−1),xt)
(4)

where gOIB

gOIB(hout(zt−1),xt) =

FFN
(
ReLU

(
hout(zt−1)W

(out)
OIB ⊕ xtW

(cov)
OIB

)) (5)

with parameter matrices W
(out)
OIB and W

(cov)
OIB , and ⊕

represents the concatenation operator. Observe that
the inputs considered for this update are covariates
from the future and the last hidden state evaluated on
time series values from the past.

Modular variants of ChronosX. Due to its mod-
ular nature, we can adapt ChronosX depending on
the kind of covariates that we want to incorporate.
In what follows we will denote by ChronosX the
case where both past and future covariates are incor-
porated, i.e. IIB and OIB are used. Yet, we can
extend our model to the case where only covariates
of the past are available by only considering the in-
put injection block. Similarly, for the case where we
only want to consume future covariates, we can con-
sider only the output injection block. When training
ChronosX, we train from scratch the parameters of
the Feed-Forward Networks (FFN) and new matrices
W

(emb)
IIB ,W

(cov)
IIB ,W

(cov)
OIB ,W

(out)
OIB . Additionally, we con-

sider a full-finetuned variant ChronosX(FF) where
all the parameters, including the pretrained ones, are
updated. Whereas in the main paper we will only

report results for ChronosX, in the appendix we de-
scribe and present evaluations of additional variants.
For instance, we study the case where either only past
or future covariates are considered.

4 Extending Injection Blocks to Other
Pretrained Models

In the previous section, we introduced ChronosX,
an extension for Chronos to incorporate covariates.
Given the modular and minimally-invasive nature of
our design, our approach can be extended to other
pretrained models. We will showcase this with two
pretrained models: MOMENT and TimesFM. Con-
trary to Chronos which is an encoder-decoder trans-
former, MOMENT and TimesFM are encoder-only
and decoder-only models, respectively. The main dif-
ferences to consider with respect to Chronos are: i)
input patching and ii) point forecasts, which imply
minor modifications to our framework. The resulting
extensions of pretrained models with covariates will be
referred to as TimesFMX and MOMENTX.

Extending on Input Patching. Patching has re-
ceived a relevant amount of attention in recent years,
becoming a standard operation in recent forecasting
models (Nie et al., 2023; Goswami et al., 2024; Das
et al., 2024). Patching is the operation of breaking a
time series into potentially disjoint fixed-length subse-
quences.

To extend our framework to models that rely on a
patched input z̃t−1 ∈ RPn×Pd , we also create patches
for the covariates x̃t−1 = Patch(xt−1) ∈ RPn×(Pd·c),
where Pd, Pn, c denote the patch dimension, the number
of patches and the number of covariates. In this manner,
we guarantee that both the primary time series input
patches and the covariate patches have the same length.
Subsequently, we feed these patched inputs into the
modules as in Equation 3.
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Figure 3: Illustration of the gener-
ation of synthetic time series. Dif-
ferent combinations of the 4 possi-
ble main signals modified by one of
the 4 possible external covariates
through a chosen operator (+ or ×),
result in realistic synthetic time se-
ries with covariates.

Extending on Point Forecast. Our framework can
be extended to the case of point forecasts as follows.
Instead of considering a categorical distribution, we can
take a given point forecast generated by the current
model ẑt = hout(zt−1)Wout and apply the following
update rule:

fOIB(hout(zt−1),xt, ẑt) = ẑt+

FFN
(
ReLU

(
hout(zt−1)W

(out)
OIB ⊕ xtW

(cov)
OIB ⊕ ẑtW

(p)
OIB

))
(6)

5 Synthetic Datasets with Covariates

Although the task of forecasting time series with co-
variates is a highly relevant task, there is a limited
amount of freely available time series datasets with
covariates where forecasting models can be evaluated.
To overcome this limitation in this paper we introduce
a collection of 32 different synthetic datasets of time
series with covariates carefully handcrafted to emu-
late real-life applications where external factors greatly
impact the time series.

Each of the datasets contains 100 times series of daily
frequency extending over 1827 days1. For each dataset,
we consider 3 basic elements that allow for the genera-
tion of 100 times series with covariates: 1) the main
signal (ẑt), 2) an external covariate (xt), and 3) a
combination operator ⊙ ∈ {+,×}. The generation
of time series with these three ingredients is defined
by zt = ẑt ⊙ xt. In what follows we present several
variations of these three basic elements with the goal
of providing a comprehensive evaluation of suitable
forecasting models for time series with covariates.

The time series representing the main signal ẑt are
divided in two types: Simple and Complex. The sim-
ple synthetic type includes single sinusoids and simple
sinusoids variants, whereas the complex synthetic type
includes diverse sinusoids and noisy sinusoids variants.
We now describe each of the four different variants of
the main signal ẑt with increasing complexity with the
form of Eq. (7), mainly: 1) Single sinusoids considers
a standard sine curve with fixed zero phase, unit am-
plitude and period of 7 days corresponding to one week

1This corresponds to the number of days in the fictional
time series between 01/01/2025 and 31/12/2029.

for the entire dataset; 2) Simple sinusoids is the sum
of three sine curves each with a weekly, monthly and
yearly period, together with a randomly sampled ampli-
tude and zero phase; 3) Diverse sinusoids is the result
of combining three sine curves with randomly sampled
phases and amplitudes and with a global trend, and
4) Noisy sinusoids which results from adding gaussian
noise (ϵ) to diverse sinusoids and allows us to assess
model robustness. Please see the Appendix for more
details on the process to generate the dataset.

ẑt =

3∑
i=1

ai sin (fit+ ϕi) + b1t+ b2 + ϵ (7)

We design four different kinds of external covariates:
1) spikes models short time events such as strikes or
power failure, 2) steps model longer events with sud-
den and sustained changes such as discounts in the
retail industry, 3) bells represent smoother changes
such as festive season, and 4) autoregressive process
with randomly generated parameters that model cases
where the value of covariates is determined by previous
observations. Finally, the combination operator ⊙
is defined either as the addition + or the multiplica-
tion × between the main signal (ẑt) and the covariates
(xt). An illustration of the generative process for this
synthetic datasets along with a few examples of the
resulting time series is depicted in fig. 3.

6 Experiments and Results

Setup. In all experiments for our models we consider
learning rates {10−2, 10−3, 10−4} and select the one
with the best validation error with a validation win-
dow of length equal to the prediction length of the
dataset in consideration. A detailed description of the
hyperparameters is presented in the appendix.

Metrics. We consider the Weighted Quantile Loss
(WQL) to evaluate probabilistic forecasts, which mea-
sure the alignment of quantile levels of the predictive
distribution with respect to the ground truth (Gneit-
ing and Raftery, 2007; Gasthaus et al., 2019; Shchur
et al., 2023). In all experiments the WQL is computed
on quantile levels {0.1, 0.2, . . . , 0.9}. For methods
generating sample forecasts we compute the quantiles
based on 100 samples, whereas quantile forecasting
methods are trained on the same quantile levels we use



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

0 1 2 3 4
Agg. Relative WQL

TFT
TiDE

DeepAR
PatchTSTx
NBEATSx-I

ChronosX (FF)
MOMENTX (FF)

TimesFMX
TimesFMX (FF)

NHiTS
MOMENTX
NBEATSx-G

DLinear
TTM-CM

ChronosX
Chronos Small

TimesFM
MOMENT

Moirai (Base)
Moirai (Large)

AutoARIMA
TTM

Seasonal Naive

M
od

el

0.012
0.019
0.029
0.068
0.140

0.256

0.341
0.420

2.036

3.789

0.166
0.207

0.218
0.213

0.271

0.458
0.735

1.000
1.323
1.356

1.466
1.680

2.551

Baselines
Full Finetuned

Adapters Only
Pretrained Models

(a) Agg. Rel (WQL) on Simple synthetic datasets.

0.0 0.5 1.0 1.5 2.0 2.5
Agg. Relative WQL

PatchTSTx
TiDE
TFT

MOMENTX (FF)
NBEATSx-I

DeepAR
NHiTS

ChronosX (FF)
NBEATSx-G
MOMENTX
TimesFMX

DLinear
TimesFMX (FF)

TTM-CM
ChronosX

Chronos Small
MOMENT
TimesFM

Moirai (Base)
Moirai (Large)

AutoARIMA
TTM

Seasonal Naive

M
od

el

0.188
0.297
0.297

0.389
0.410
0.415

0.459

0.579

1.728

2.329

0.381

0.420

0.594

0.465
0.540

0.747
0.782

1.000
1.184
1.236

1.486
1.551

1.957

Baselines
Full Finetuned

Adapters Only
Pretrained Models

(b) Agg. Rel (WQL) on Complex synthetic datasets.

Figure 4: Evaluations on Simple and Complex datasets as introduced in Section 5. Scores are normalized by Chronos
Small. We can see that our proposed models ChronosX and ChronosX(FF) effectively incorporate covariates.

for evaluation. We report the Mean Absolute Scaled
Error (MASE), which measures deviations from the me-
dian forecast with the ground-truth values (Hyndman
and Koehler, 2006). Finally, we follow (Fleming and
Wallace, 1986; Ansari et al., 2024; Woo et al., 2024)
and report the aggregated WQL and MASE computed
as the geometric mean of normalized scores by the
corresponding baseline.

6.1 Finetuning and Adapters on Synthetic
Benchmark Datasets with Covariates

In this section we evaluate how effective different fore-
casting models are in incorporating external informa-
tion through covariates under different dynamics.

We take the 32 different datasets as introduced in Sec-
tion 5 and follow the suggested splits Simple and Com-
plex dataset collections each consisting of 16 datasets,
and for each dataset we generate 100 time series of daily
frequency with length 1827 and prediction length of 30.
Recall that our adapter-based approach ChronosX,
and its extensions MOMENTX and TimesFMX,
incorporates both past and future covariates. Fur-
ther, we consider a full finetuning variant per model
and denote it by ChronosX(FF), MOMENTX(FF),
TimesFMX(FF), which updates all parameters in-
cluding those of the pretrained model. We also con-
sider baselines that include covariates like DeepAR,
PatchTSTx (an extension of PatchTST that supports
covariates; see the supplementary appendix for details),
NHiTS, and NBEATSx with its interpretable and gen-

eral variants, together with AutoArima, which incor-
porates covariates through residuals. For all methods
we standardize the covariates by the mean of abso-
lute values. All scores are normalized by the scores of
Chronos Small, which is a variant of Chronos with
46M parameters.

Figures 4a and 4b present the aggregated relative
WQL on Simple and Complex synthetic datasets.
For both types of datasets, our proposed adapter-
only approaches ChronosX, TimesFMX, and MO-
MENTX, together with their full fine-tuning vari-
ants (ChronosX (FF), TimesFMX (FF), and MO-
MENTX (FF)) incorporate covariates, as they clearly
outperform the zero-shot performance of their pre-
trained models, i.e. Chronos Small, TimesFM,
and MOMENT, respectively. In particular, we can
see that ChronosX outperforms Chronos by 22%
in both WQL and MASE. Further, we observe that
baseline models like TFT, DeepAR and PatchTSTx
perform particularly well in Simple datasets, verifying
that they effectively incorporate covariates in simple
cases, whereas for Complex datasets the errors are
larger, yet most of baselines outperform the zero-shot
performance of Chronos Small. Moreover, we can
see that in general full fine-tuning further improves the
performance, which can be observed with ChronosX
(FF) and MOMENTX (FF), whereas for TimesFMX
(FF) in general it seems that there is a slight decrease
in performance with complex synthetic datasets.

Overall, we can see that our proposed benchmark of
synthetic datasets is useful to discern the effectivity of
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(b) Agg. Rel. MASE on real datasets with covariates.

Figure 5: Evaluations on real datasets with covariates. We report the Aggregated Relative WQL and MASE.

different models to incorporate covariates in time series.
In particular, we have seen that most of the baselines
here considered incorporate covariates that yield better
scores than methods that do not take covariates, and
that our covariate extensions for pretrained models are
effectively incorporating covariate information

6.2 Finetuning and Adapters on Real
Datasets with Covariates.

In this section, we evaluate our proposed models on
18 real datasets with covariates taken from diverse
sources (Zhou et al., 2021; Makridakis et al., 2022;
Godahewa et al., 2021; Woo et al., 2024; Wang et al.,
2024). These datasets encompass data from fields such
as retail, nature, transport, and mostly energy. Fre-
quencies include hourly, daily, and 15-minute intervals,
with forecast horizons up to 30 steps ahead. Please see
the appendix for further details.

In Figure 5 we can see that our adapter-based ap-
proach ChronosX consistently performs best among
pretrained models adapted to include covariates
TimesFMX and MOMENTX. Moreover, we can see
that adapter-only variants ChronosX, TimesFMX,
and MOMENTX perform better than their zero-shot
counterparts Chronos, TimesFM, and MOMENT,
respectively, further verifying that our models incor-
porate covariate information. Additionally, we can
see that full fine-tuning variants ChronosX (FF),
TimesFMX (FF), and MOMENTX (FF) underper-
form with respect to several of the baselines here consid-
ered. This is likely due to the fact that several datasets
consist of only one time series, and hence having a

model with less trainable parameters provides an ad-
vantage in data-sparse regimes. Further, we can see
that our model ChronosX performs best in WQL, and
in terms of MASE it performs in the top-5 models to-
gether with TimesFMX. On the other side, despite the
fact that MOMENT underperforms other models in
general, we can see that our covariate extensions MO-
MENTX and MOMENTX (FF) significantly improve
its performance, verifying that our adaption of pre-
trained models to incorporate covariates is effectively
consuming this kind of information.

Overall we have shown that our proposed covariate ex-
tensions ChronosX, TimesFMX, and MOMENTX
effectively incorporate covariate information in real
datasets and ChronosX performs best in WQL and
is comparable to other models in MASE.

6.3 Ablations of Covariate Adapters

In this section we explore the impact of covariates and
backbone model sizes in ChronosX.

Impact of covariates in ChronosX. We analyze if
the performance improvement of ChronosX is obtained
from the covariate information or the extra parameters
included by the covariate modules. We run experiments
using the Input and Output blocks, but omitting the co-
variates by dropping the matrices related to covariates,
inducing the following variations:

fIIB−NC (zt−1,xt−1) = hemb(zt−1)+

FFN
(
ReLU

(
hemb(zt−1)W

(emb)
IIB

)) (8)
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Figure 6: Covariate ablation study. ChronosX (NC) and ChronosX (FF) (NC) are variants with no-covariates of our
models ChronosX and ChronosX (FF), respectively. Overall model ablations with no-covariates perform worse.
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(b) WQL on Complex Synthetic Data.
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Figure 7: Model size ablation. ChronosX (Base) and ChronosX (Large) are variants of ChronosX with backbone
models with 200M and 710M parameters. Overall, larger backbone models improve performance with full fine-tuning.

fOIB−NC (zt−1,xt) = hout(zt−1)Wout+

FFN
(
ReLU

(
hout(zt−1)W

(out)
OIB

)) (9)

Evaluations of these ablations are presented in Fig. 6,
where the ablations without covariates are denoted
ChronosX (NC) and ChronosX (FF) (NC). We can
see across synthetic and real datasets that our model
ChronosX and its full-finetuned version ChronosX
(FF) perform better than its corresponding ablations,
ChronosX (NC) and ChronosX (FF) (NC), respec-
tively. Thus, we verify the performance improvement
observed by our proposed model ChronosX is due to
effectively consuming the information encoded through
covariates. Finally, we provide an adapter-only variant
that consumes covariates of the future through a linear
transformation, denoted by ChronosX (RS)

fRS (z1:t−1,xt) = hout(z1:t−1)Wout + xtW
(cov)
OIB (10)

We observe that this residual-based model ChronosX
(RS) systematically outperforms its adapter-only abla-
tion ChronosX (NC), further verifying the relevance
of covariate information to improve performance.

Impact of Backbone Size in ChronosX. In our
experiments we have used for our model ChronosX
the backbone model Chronos in its small version
(46M). In this ablation, we study the effect of us-
ing the size variants Base and Large of Chronos,
which have 200M and 710M parameters, respectively.
The results in Fig. 7 demonstrate that increasing the
model capacity is particularly helpful in complex syn-
thetic datasets. For real datasets we can see that full
fine-tuning approaches improve their performance with
larger backbone models, i.e. ChronosX (FF)(Base)
and ChronosX (FF)(Large), whereas adapter-only
variants decrease in performance. Hence, we observe
that using the backbone size Small, as done with our
model ChronosX, provides a good balance between
model size and forecast quality.

Impact of Adapters Architecture. Our proposed
adapters consider two independent linear layers, fol-
lowed by a Feed-Forward Network, as explained in Sec-
tion 3. One linear layer operates on embeddings related
to the target time series (token embedding and hidden
state), while operates on the covariates. This design al-
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Table 1: Definition of three alternative versions of ChronosX: with a single linear layer (OL), without linear layer but
with activation (NL), and without linear layer and activation (NL-NR).

Ablation Input Injection Block Output Injection Block
gIIB(hemb(zt−1),xt−1) gOIB(hout(zt−1),xt)

One Linear (OL) FFN
(
ReLU

(
(hemb(zt−1)⊕ xt−1)W

(OL)
IIB

))
FFN

(
ReLU

(
(hout(zt−1)⊕ xt)W

(OL)
OIB

))
No Linear (NL) FFN (ReLU (hemb(zt−1)⊕ xt−1)) FFN (ReLU (hout(zt−1)⊕ xt))

No Linear - No ReLU FFN(hemb(zt−1)⊕ xt−1) FFN(hout(zt−1)⊕ xt)
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Figure 8: Results of ablations of ChronosX with different covariate adapters’ architectures, i.e. ChronosX (OL),
ChronosX (NL), and ChronosX (NL-NR). Overall, our proposed architecture outperforms these variants.

lows the model to learn interactions independently, and
has been explored in previous work (Pineda Arango and
Grabocka, 2023). However, to further justify our design,
we compare it with three other alternatives. Firstly, we
consider ChronosX with one linear layer (OL) that
receives the concatenated inputs of the embeddings of
the target time series and their respective covariates.
We also study ChronosX without the initial linear
layers (NL), and just an activation function before FFN.
Finally, we ablate ChronosX without initial linear
layers and activations (NL-NR), just using a FFN. In
Table 1, we formalize these variants mathematically
both for the input and output modules, following the
same notation as in our original formulation. Figure
8 reports the results after evaluating the architectures
in our datasets. In general, we observe that our orig-
inal formulation ChronosX outperforms the other
alternatives in real datasets and simple synthetic data.
In complex data, ChronosX (OL) obtained the best
results among the adapter-only variants, but still is
outperformed by ChronosX (FF). Interestingly, we ob-
serve that ChronosX (OL) is consistently better than
ChronosX (NL) and ChronosX (NL-NR), which
highlights the importance of the additional linear layer.
ChronosX (NL) outperforms ChronosX (NL-NR)
in all datasets, further motivating the use of the activa-
tion function before the Feed-Forward Network. Please
refer to the Appendix for more details.

7 Conclusion

In this paper we presented extensions of pretrained
time series models to incorporate exogenous variables
via modules that inject information from past and
future covariates. We showcase our approach with
ChronosX and show that the same approach can
be applied to other pretrained models with minimal
modifications, resulting in extensions like TimesFMX
and MOMENTX. We study the cases where we fine-
tune the entire model or we only fit the parameters of
the covariate-related modules, and introduced a family
of 32 synthetic datasets with covariates to evaluate
the efficacy of forecasting models to integrate covari-
ates. We test the adapters in our models ChronosX,
TimesFMX, and MOMENTX and demonstrate in
synthetic and real datasets that our approach enables
pretrained models to capture covariate information and
perform favorably when compared to other baselines.

Limitations - Future Work. A limitation of this
work is that the adapter approach for integrating co-
variate data requires training of the adapter module,
therefore losing the benefit of pretrained models to per-
form zero-shot inference (arguable in exchange for lower
forecasting error). An interesting research direction
is to integrate covariates into pretrained forecasting
models in inference akin to in-context learning, using
directly the covariate data to reduce the forecast error.
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A Appendix Structure

In this appendix, we specify details on different aspects of our work. We address the following items:

• In Appendix B, we detail the hyperparameters used for the main method.

• In Appendix C, we mention the computing resource used in the experiments.

• In Appendix D, we describe the Chronos variants.

• In Appendix E, we give more information about the synthetic dataset creation.

• In Appendix F, we detail information on the datasets with covariates.

• In Appendix G, we specify the baselines configurations.

• In Appendix H, we describe the metrics that we used in our experiments.

• In Appendix I, we present additional results:

– In Appendix I.1, we compare the execution time and the number of parameters for different chronos
variants.

– Section I.2: full set of evaluations with ChronosX, TimesFMX, and MOMENTX
– Section I.3: evaluations on covariate injection on pretrained models with either past covariates, future

covariates, or both.
– Section I.4: ablations showing that performance improvement is brought by covariates.
– Section I.5: ablations showing the performance with larger version of Chronos.
– Section I.6: ablations showing the performance of different adapter architectures for covariates.
– Section I.7: Probabilistic forecasts visualizations.

B Hyperparameter Details

For all the experiments, we use the output dimension of the linear layers and the hidden dimension of the Feed
Forward Networks is 256. We train the models for 5000 steps, and checkpointing the best observed model every
100 steps. The rest of the training setup such as the optimizer and learning rate scheduler were set following
previous work Ansari et al. (2024). For TimesFMX we used a hidden dimension of 256, learning rate 1.e-5,
and cosine annealing scheduler as in (Das et al., 2024). For MOMENTX we used a hidden dimension of 64,
maximum learning 1.e-4 with one cycle learning rate schedule as in (Goswami et al., 2024). Remaining parameters
of TimesFMX a MOMENTX were set up following previous works (Das et al., 2024; Goswami et al., 2024).

C Compute Resource Information

For the experiments, we use GPU Nvidia A10G. More expensive experiments used NVIDIA Tesla V100. For
baselines we used cpu instances with 16 virtual cpus and 32 GiB of memory.

D Chronos Variants

D.1 Additional Covariate Modules: Hidden State Only and Covariates Only (Residual) Injection
Block.

To understand the impact of the proposed output and input injection blocks, we present the following variants.
First, we propose a hidden-state base adapter that does not take covariates into account and works as an
alternative to full finetuning without covariates, defined as

fHS(hout(z1:t−1)) = FFN
(
ReLU

(
hout(z1:t−1)W

(out)
OIB

))
(11)

and second, we present an adapter to incorporate covariates of the future by updating logits through a linear
transformation.

fRS (z1:t−1,xt) = hout(z1:t−1)Wout + xtW
(cov)
OIB (12)
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D.2 Variants List

Here we explain the baselines, for more information please refer to the section 3. In the notation below, we
refer to the IIB (Input Injection Block) as the network that receives the past covariates and updates the token
embedding, while the OIB (Output Injection Block) indicates the network that receives the hidden state and the
future covariates.

• Chronos is the model with the pretrained weights (not finetuned).

• Chronos(FF) is the pretrained model full-finetuned on the corresponding dataset.

• ChronosX, represented as well as ChronosX(IIB+OIB), is the frozen pretrained model with the additional
Input and Output Injection Blocks.

• ChronosX(FF), represented as well as ChronosX(FF+IIB+OIB), is the full-finetuned Chronos model
with the additional Input and Output Injection Block.

• ChronosX(FF+IIB) is the full-finetuned Chronos model with Input Injection Block.

• ChronosX(FF+OIB) is the full-finetuned Chronos model with Output Injection Block.

• ChronosX(OIB) is the frozen pretrained model only with Output Injection Block.

• ChronosX(IIB) is the frozen pretrained model only with Input Injection Block.

• ChronosX(HS) is the frozen pretrained model only with hidden state, as in Equation 11.

• ChronosX(RS) is the frozen pretrained model only with modules accepting covariates, as in Equation 12.
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E Synthetic Dataset Creation

We created a suite of 32 synthetic datasets comprising a 100 time series with length L = 1827 and 30 steps for the
prediction length, assuming a "fictional" daily frequency. Each dataset is created by combining a main signal ẑt
with a covariate xt using a combination operator according to Eq. 13.

zt = ẑt ⊙ xt, t = 1, ..., L (13)

Once a combination is chosen, we randomly sample the parameters for the main signal appendix E.1 and the
covariates appendix E.2 to get 100 different time series. All possible combinations are illustrated in fig. 9 and
fig. 10.

E.1 Main signal generation

The main signal to be affected by the covariates can be generated in different ways. We describe four variants in
an increasing order of complexity by changing the set of possible parameters in Eq. 14.

ẑt =

3∑
i=1

ai sin (fit+ ϕi) + b1t+ b2 + ϵ (14)

• Single Sinuoid: This represents the simplest time series, keeping the same amplitude, phase and a weekly
frequency among time series.

ẑ
(single)
t = sin

(
2π

t

7

)
• Simple Sinusoids: Every time series in the dataset is the superposition of three sinusoids with different

frequencies, simulating weekly, monthly and yearly seasonal patterns. For each time series, a different
amplitude is sampled from ai ∼ U(1, 5).

ẑ
(sinusoids)
t = a1 sin

(
2π

t

7

)
+ a2 sin

(
2π

t

30

)
+ a3 sin

(
2π

t

365

)
• Diverse Sinusoids: Every time series is similar to simple sinusoids, but we sample a different phase for every

sinusiodal component with a random amplitude ai ∼ U(1, 5) and a random phase ϕi ∼ U(−π, π). A trend
component is also added with random coefficient b1, b2 ∼ U(−1, 1).

ẑ
(diverse)
t = a1 sin

(
2π

t

7
+ ϕ1

)
+ a2 sin

(
2π

t

30
+ ϕ2

)
+ a3 sin

(
2π

t

365
+ ϕ3

)
+ b1

t

365
+ b2

• Noisy Sinusoids. The Noisy Sinusoid are Diverse sinusoids with noise added at every step. The variance is
chosen to be proportional to the scale s = 1

L

∑L
t |ẑt| of the main diverse sinusoid ϵ ∼ N

(
0, s

4

)
.

ẑ
(noisy)
t = ẑ

(diverse)
t + ϵ

E.2 Covariate

Similarly to the main signal, the parameters of the covariates are randomly chosen depending on the types and
the scale of the signal.

• Spikes are used to represent short time events by considering large value for single "active" time steps as in
Eq. 15. The N = 500 times steps T = {t1, . . . , tN} are uniformly sampled without replacement. The strength
of all the spikes is randomly sampled in an interval limited to 5 times the scale γ ∼ U(1, 5s).

xt =

{
γ if t ∈ TN

1 otherwise
(15)
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• Steps are used to study the influence of sudden but sustained events. Steps covariates share the same
formula as the spikes in Eq. 16 but the generation of the "active" index is different. We consider N = 125
non-overlapping intervals Ti = {ti, ti+1, . . . , ti + δi} by uniformly sampling the starting steps ti ∼ U(0, L) and
the associated duration δi ∼ U(1, 30) with Ti ∩Tj = ∅. The resulting signal is then composed of a union of the
different intervals : T = ∪Ni Ti. All steps have the save amplitude γ, randomly sampled in the same manner as
the spikes.

xt =

{
γ if t ∈ T
1 if otherwise

(16)

• Bells are considered to represent trends with smoother changes. In this case, the signal is a mixture of
gaussian bells as in Eq. 17. We consider mixtures of N = 125 bells with randomly sampled mean µ̂i ∼ U(0, L)
and randomly sampled standard deviation σi ∼ U(1, 15). The scale of the bells is randomly sampled in an
interval limited to 5 times the scale γ ∼ U(1, 5s).

xt = γ
N∑
i

exp

(
−∥t− µ̂i∥2

σ2
i

)
(17)

• ARP is created following Eq. 18. Only second order auto-regressive processes are created with coefficients
a1 ∼ U(0, 1) and a2 = 1− a1, and noise amplitude equal to one. The scale of the final covariates is randomly
sampled in an interval limited to 5 times the scale γ ∼ U(1, 5s).

xt = a1 · xt−1 + a2 · xt−2 + ϵ (18)

Single steps Single-Spikes-Add Single steps Single-Steps-Add

Single bells Single-Bells-Add Single ARP Single-Arp-Add

Simple steps Simple-Spikes-Add Simple steps Simple-Steps-Add

Simple bells Simple-Bells-Add Simple ARP Simple-Arp-Add

Diverse steps Diverse-Spikes-Add Diverse steps Diverse-Steps-Add

Diverse bells Diverse-Bells-Add Diverse ARP Diverse-Arp-Add

Noisy steps Noisy-Spikes-Add Noisy steps Noisy-Steps-Add

Noisy bells Noisy-Bells-Add Noisy ARP Noisy-Arp-Add

Figure 9: This figure provides a single time series example from all possible combinations of covariates and main signal
with the add + operator.
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Single steps Single-Spikes-Mult Single steps Single-Steps-Mult

Single bells Single-Bells-Mult Single ARP Single-Arp-Mult

Simple steps Simple-Spikes-Mult Simple steps Simple-Steps-Mult

Simple bells Simple-Bells-Mult Simple ARP Simple-Arp-Mult

Diverse steps Diverse-Spikes-Mult Diverse steps Diverse-Steps-Mult

Diverse bells Diverse-Bells-Mult Diverse ARP Diverse-Arp-Mult

Noisy steps Noisy-Spikes-Mult Noisy steps Noisy-Steps-Mult

Noisy bells Noisy-Bells-Mult Noisy ARP Noisy-Arp-Mult

Figure 10: This figure provides a single time series example from all possible combinations of covariates and main signal
with the mult × operator.

F Datasets With Covariates

In this section we present a summary of the datasets with covariates used for evaluations.

Table 2: Real Datasets Descriptors.

Dataset Name Num. Series Num. Covariates Freq. Prediction Length Source

ETT (15 Min.) 2 5 15min 24 (Zhou et al., 2021)
ETT (Hourly) 2 5 1H 24 (Zhou et al., 2021)

M5 30490 12 1D 28 (Makridakis et al., 2022)
Electricity-BE 1 2 1H 24 (Lago et al., 2021; Olivares et al., 2023)
Electricity-DE 1 2 1H 24 (Lago et al., 2021; Olivares et al., 2023)
Electricity-FR 1 2 1H 24 (Lago et al., 2021; Olivares et al., 2023)
Electricity-NP 1 2 1H 24 (Lago et al., 2021; Olivares et al., 2023)

Electricity-PJM 1 2 1H 24 (Lago et al., 2021; Olivares et al., 2023)
BDG-2 Hog 24 5 1H 24 (Woo et al., 2024; Wang et al., 2024)
BDG-2 Bull 41 3 1H 24 (Woo et al., 2024; Wang et al., 2024)

BDG-2 Cockatoo 1 5 1H 24 (Woo et al., 2024; Wang et al., 2024)
Covid19Energy 1 6 1H 24 (Woo et al., 2024; Wang et al., 2024)

GEF12 20 1 1H 24 (Woo et al., 2024; Wang et al., 2024)
GEF14 1 1 1H 24 (Woo et al., 2024; Wang et al., 2024)
GEF17 8 1 1H 24 (Woo et al., 2024; Wang et al., 2024)
PDB 1 1 1H 24 (Woo et al., 2024; Wang et al., 2024)

Spanish 1 20 1H 24 (Woo et al., 2024; Wang et al., 2024)
Rideshare 156 8 1H 24 (Godahewa et al., 2021)
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Table 3: Baseline models and hyperparameter choices. Hyperparameters not specified are set to defaults in their respective
implementations. C stands for context length, dh for hidden layer dimension, nL for number of layers, nH for number of
heads, and η for learning rate.

Model Model Type Implementation Probabilistic Hyperparameters

SeasonalNaive Local StatsForecast Yes N/A
AutoARIMA Local StatsForecast Yes C = 1000
DeepAR Task-specific GluonTS Yes dh = 40, nL = 2
TFT Task-specific GluonTS Yes dh = 32, nH = 4
PatchTST Task-specific GluonTS Yes Patch length: 16, Stride: 8, dh = 32, nL = 2, nH = 4
DLinear Task-specific GluonTS Yes Kernel size: 25, dh = 20
TiDE Task-specific GluonTS Yes encoder (dh = 512, nL = 2), decoder (dh = 512, nL = 2, output

dimension: 8), temporal hidden dimension: 128, distribution hid-
den dimension: 512.

N-BEATSx-I Task-specific NeuralForecast No Input size multiplier: 5, scaler: robust_scaler, stack_types: Inter-
pretable

N-BEATSx-G Task-specific NeuralForecast No Input size multiplier: 5, scaler: robust_scaler, stack_types: Gen-
eralized

N-HiTS Task-specific NeuralForecast No Input size multiplier: 5, scaler: robust_scaler
Moirai-1.0-R Pretrained Reference Yes C = 1024, Patch length: auto, batch size:4
TimesFM-1.0-200m-pytorch Pretrained Reference No C = 512
MOMENT Pretrained/Task-specific Reference No Forecasting head training epochs: 100, C = 512, η = 10−4

TTM-R2 Pretrained Reference No C = 512
TTM-CM Pretrained/Task-specific Reference No C = 512

G Baselines

For task-specific deep learning architectures DeepAR (Salinas et al., 2020), PatchTST (Nie et al., 2023), TFT (Lim
et al., 2021) we based evaluations on implementations in GluonTS (Alexandrov et al., 2020). However, NBEATSx-I,
NBEATSx-G (Olivares et al., 2023) and NHiTS (Challu et al., 2023) experiments were based on implementations
in the NeuralForecast (Olivares et al., 2022) library. The original PatchTST model does not naturally accept
additional time features as input, so we extend it in the following way. Similar to target time series, covariates are
converted to patches and appended to the target patches. Since PatchTST is encoder only model, we combine
past and future covariates (if available) and (left) shift them by prediction length so that the covariates are
aligned with the target input. We call this version PatchTSTx.

The baselines DeepAR, PatchTST, TFT, NBEATSx-I, NBEATSx-G, , and N-HiTS were trained and evaluated
three times and their performance averaged in order to account for high variance inherent in their optimization.

Statistical baselines SeasonalNaive was used with their default hyperparameters in StatsForecast (Garza et al.,
2022), but with season length implied by their frequencies. For example, daily frequency data had season length
set to 7, hourly data 24, etc. For this heuristic, we used the helper function get_seasonality from GluonTS.

Default hyperparameter configurations provided in baseline implementations were kept as is, and no dataset
specific or global hyperparameter tuning was performed. GluonTS-based implementations were optimized with a
batch size of 128.

H Evaluation Metrics

For the evaluation metrics we follow the approach exposed in (Ansari et al., 2021). Let {xi = [xi,1, . . . , xi,C+H ]}Ni=1

be a dataset with N time series where C and H are the context length and prediction length, respectively.

The mean absolute scaled error (MASE, Hyndman and Koehler (2006)) is defined as:

MASE(x̂i,xi) =
C − S

H

∑C+H
t=C+1 |x̂i,t − xi,t|∑C−S
t=1 |xi,t − xi,t+S |

,

where S is a seasonality parameter.

The Weighted Quantile Loss is defined as

WQL =
1

K

K∑
j=1

WQLαj
.
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where K is the number of quantiles, α is the set of quantile levels to evaluate, and

WQLα =
2
∑

i,t QLα(q
(α)
i,t , xi,t)∑

i,t |xi,t|
.

where q
(α)
i = [q

(α)
i,C+1, . . . , q

(α)
i,C+H ] are the predicted quantiles at levels α ∈ (0, 1), and

QLα(q, x) =

{
α(x− q), if x > q,

(1− α)(q − x), otherwise.
(19)

I Additional Results

I.1 Time and Memory Efficiency of Adapters and Finetuning.

We present an empirical analysis of the trade-offs between our models using only adapters and full finetuning
against time execution and number of updated parameters. For a better visualization we represent ChronosX
and Chronos with CX and C, respectively. For this, we measure the average computational time consumed per
run for training and testing across datasets and compared it to the aggregated WQL metric. As can be seen in
Figure 11a, the adapters are among the best performing and fastest variants. This is due to the decreased number
of updated parameters as we report in Figure 11b. Overall the most efficient variants in terms of time and number
of updated hyperparameters is ChronosX(RS), while the best performing and still efficient is ChronosX. We
can see that full finetuning models have a larger amount of updated parameters and larger execution time than
our approaches using only adapters.
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Figure 11: Average Time Execution and number of updated parameters of our proposed models against Aggregated
Relative Weighted Quantile Loss on real datasets with covariates.
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I.2 Full set of evaluations with ChronosX, TimesFMX, and MOMENTX

We present the following results:

• In Fig. 12 we present the Aggregated Relative WQL and MASE on simple, complex, and real datasets,

• In Table 4 and Table 5 we present the WQL on simple and complex datasets, respectively,

• In Table 6 and Table 7 we present the MASE on simple datasets, respectively.

• In Table 8 and Table 9 we present the MASE and WQL on real datasets, respectively.
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(c) Agg. Rel. MASE on Simple synthetic datasets
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(d) Agg. Rel. MASE on Complex synthetic datasets
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(e) Agg. Rel. WQL on real datasets
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Figure 12: Aggregated Relative WQL and MASE on simple, complex, and real datasets. Emphasis on comparisons of
pretrained models with extensions to incorporate covariates.



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

Table 4: WQL scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.164 0.070 0.024 0.168 0.074 0.036 0.063 0.056 0.099 0.148 0.075 0.059 0.276 0.198 0.007 0.007 0.002 0.005 0.015 0.012 0.402 0.003 0.022
Simple ARP (Mult.) 0.042 0.039 0.038 0.136 0.047 0.026 0.044 0.037 0.114 0.153 0.058 0.048 0.374 0.313 0.001 0.004 0.003 0.012 0.018 0.014 0.572 0.002 0.030
Simple Bells (Add) 0.287 0.035 0.079 0.225 0.051 0.060 0.280 0.319 0.346 0.383 0.402 0.453 0.415 0.176 0.005 0.056 0.003 0.048 0.061 0.037 0.582 0.005 0.060
Simple Bells (Mult.) 0.041 0.022 0.018 0.176 0.025 0.022 0.053 0.089 0.136 0.156 0.104 0.105 0.290 0.273 0.001 0.005 0.004 0.040 0.037 0.033 0.417 0.002 0.093
Simple Spikes (Add) 0.007 0.042 0.088 0.250 0.056 0.056 0.081 0.431 0.498 0.515 0.615 0.607 0.667 0.381 0.003 0.003 0.004 0.036 0.117 0.083 0.978 0.004 0.066
Simple Spikes (Mult.) 0.007 0.018 0.017 0.022 0.024 0.023 0.046 0.142 0.196 0.212 0.201 0.194 0.278 0.446 0.001 0.002 0.099 0.014 0.116 0.101 0.440 0.003 0.113
Simple Steps (Add) 0.007 0.035 0.059 0.185 0.050 0.060 0.102 0.415 0.458 0.455 0.591 0.605 0.607 0.293 0.004 0.009 0.004 0.067 0.105 0.096 0.835 0.005 0.080
Simple Steps (Mult.) 0.007 0.019 0.022 0.030 0.025 0.025 0.062 0.169 0.269 0.275 0.254 0.255 0.347 0.486 0.001 0.002 0.143 0.019 0.046 0.032 0.577 0.003 0.169
Single ARP (Add.) 0.130 0.078 0.043 0.175 0.087 0.029 0.069 0.062 0.106 0.152 0.077 0.070 0.289 0.222 0.005 0.007 0.003 0.008 0.018 0.013 0.416 0.004 0.025
Single ARP (Mult.) 0.038 0.040 0.038 0.157 0.048 0.023 0.045 0.038 0.109 0.131 0.065 0.058 0.347 0.410 0.001 0.004 0.004 0.011 0.016 0.012 0.538 0.002 0.030
Single Bells (Add.) 0.252 0.034 0.041 0.261 0.050 0.058 0.110 0.367 0.383 0.410 0.412 0.476 0.469 0.181 0.006 0.036 0.003 0.072 0.098 0.063 0.592 0.006 0.067
Single Bells (Mult.) 0.034 0.023 0.018 0.214 0.024 0.017 0.049 0.105 0.136 0.163 0.107 0.109 0.321 0.289 0.001 0.005 0.004 0.040 0.055 0.038 0.461 0.002 0.089
Single Spikes (Add.) 0.008 0.033 0.056 0.181 0.049 0.043 0.068 0.391 0.436 0.479 0.550 0.544 0.635 0.310 0.001 0.002 0.242 0.025 0.139 0.073 0.954 0.001 0.043
Single Spikes (Mult.) 0.008 0.018 0.021 0.031 0.024 0.021 0.061 0.145 0.197 0.230 0.209 0.201 0.288 0.463 0.001 0.001 0.098 0.012 0.120 0.108 0.462 0.003 0.116
Single Steps (Add.) 0.008 0.032 0.033 0.151 0.046 0.047 0.076 0.390 0.449 0.471 0.552 0.536 0.617 0.262 0.002 0.003 0.002 0.021 0.062 0.058 0.900 0.003 0.060
Single Steps (Mult.) 0.007 0.021 0.019 0.018 0.036 0.024 0.068 0.186 0.283 0.291 0.256 0.268 0.361 0.622 0.001 0.001 0.146 0.018 0.050 0.034 0.596 0.003 0.174

Agg. Relative Score 0.166 0.207 0.218 0.735 0.271 0.213 0.458 1.000 1.466 1.680 1.356 1.323 2.551 2.036 0.012 0.029 0.068 0.140 0.341 0.256 3.789 0.019 0.420
Avg. Rank 9.250 8.000 8.438 15.125 10.250 8.250 12.688 14.812 18.000 19.188 18.188 17.938 21.562 19.312 1.625 3.625 5.625 6.562 11.375 9.438 22.812 2.562 11.375

Table 5: WQL scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 0.092 0.052 0.050 0.117 0.052 0.052 0.052 0.063 0.138 0.167 0.061 0.063 0.227 0.265 0.023 0.032 0.007 0.009 0.019 0.012 0.250 0.019 0.028
Diverse ARP (Mult.) 0.036 0.047 0.062 0.077 0.054 0.048 0.057 0.059 0.137 0.153 0.059 0.057 0.202 0.269 0.030 0.029 0.016 0.024 0.028 0.024 0.221 0.027 0.041
Diverse Bells (Add) 0.208 0.066 0.134 0.271 0.088 0.117 0.255 0.257 0.313 0.317 0.322 0.355 0.369 0.168 0.027 0.161 0.011 1.162 0.105 0.124 0.464 0.035 0.081
Diverse Bells (Mult.) 0.051 0.040 0.057 0.116 0.059 0.061 0.096 0.089 0.155 0.162 0.104 0.113 0.194 0.233 0.036 0.081 0.012 0.050 0.067 0.055 0.213 0.040 0.084
Diverse Spikes (Add) 0.016 0.031 0.064 0.075 0.040 0.055 0.065 0.230 0.279 0.288 0.293 0.306 0.374 0.352 0.019 0.036 0.006 0.029 0.046 0.049 0.460 0.015 0.074
Diverse Spikes (Mult.) 0.021 0.024 0.049 0.049 0.032 0.035 0.096 0.084 0.131 0.134 0.110 0.119 0.160 0.200 0.012 0.027 0.055 0.029 0.068 0.061 0.202 0.021 0.079
Diverse Steps (Add) 0.046 0.029 0.106 0.108 0.046 0.095 0.074 0.273 0.293 0.296 0.337 0.350 0.392 0.326 0.028 0.076 0.007 0.028 0.061 0.051 0.490 0.018 0.107
Diverse Steps (Mult.) 0.042 0.031 0.085 0.087 0.052 0.061 0.114 0.126 0.188 0.185 0.156 0.174 0.236 0.264 0.033 0.086 0.036 0.049 0.067 0.054 0.273 0.037 0.119
Noisy ARP (Add) 0.063 0.080 0.080 0.102 0.080 0.078 0.082 0.072 0.152 0.169 0.089 0.090 0.229 0.185 0.059 0.052 0.048 0.049 0.051 0.051 0.261 0.058 0.053
Noisy ARP (Mult.) 0.064 0.066 0.073 0.077 0.070 0.068 0.072 0.066 0.134 0.144 0.077 0.075 0.196 0.253 0.053 0.047 0.045 0.047 0.048 0.048 0.219 0.052 0.053
Noisy Bells (Add) 0.198 0.071 0.131 0.265 0.088 0.119 0.237 0.249 0.290 0.299 0.327 0.329 0.339 0.108 0.051 0.052 0.032 0.062 0.078 0.066 0.439 0.051 0.080
Noisy Bells (Mult.) 0.049 0.065 0.083 0.101 0.076 0.077 0.101 0.094 0.157 0.163 0.106 0.121 0.191 0.205 0.072 0.058 0.042 0.088 0.091 0.081 0.213 0.068 0.090
Noisy Spikes (Add) 0.050 0.061 0.078 0.087 0.065 0.076 0.076 0.239 0.274 0.277 0.293 0.299 0.357 0.208 0.061 0.051 0.044 0.053 0.059 0.063 0.433 0.059 0.072
Noisy Spikes (Mult.) 0.038 0.049 0.050 0.059 0.053 0.054 0.101 0.100 0.146 0.149 0.118 0.124 0.183 0.197 0.048 0.040 0.050 0.050 0.084 0.076 0.216 0.048 0.088
Noisy Steps (Add) 0.065 0.058 0.097 0.127 0.066 0.095 0.097 0.277 0.267 0.266 0.301 0.315 0.349 0.197 0.066 0.053 0.041 0.049 0.071 0.060 0.425 0.065 0.096
Noisy Steps (Mult.) 0.044 0.053 0.074 0.072 0.063 0.069 0.118 0.120 0.154 0.158 0.146 0.146 0.190 0.223 0.057 0.050 0.042 0.058 0.065 0.062 0.259 0.060 0.108

Agg. Relative Score 0.420 0.381 0.594 0.782 0.465 0.540 0.747 1.000 1.486 1.551 1.184 1.236 1.957 1.728 0.297 0.410 0.188 0.389 0.459 0.415 2.329 0.297 0.579
Avg. Rank 6.625 6.188 11.750 15.188 9.312 10.500 13.875 14.938 18.500 19.250 17.688 18.375 21.375 19.875 4.750 6.062 2.125 5.875 8.562 7.250 22.688 4.250 11.000

Table 6: MASE scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.947 0.305 0.108 0.951 0.328 0.163 0.283 0.322 0.571 0.849 0.328 0.264 1.228 1.103 0.039 0.034 0.013 0.029 0.086 0.067 1.788 0.019 0.122
Simple ARP (Mult.) 0.161 0.130 0.134 0.500 0.160 0.093 0.148 0.157 0.454 0.642 0.204 0.175 1.260 1.616 0.006 0.020 0.014 0.051 0.070 0.057 1.930 0.009 0.128
Simple Bells (Add) 3.203 0.310 0.656 2.459 0.439 0.499 2.976 3.483 3.689 4.069 3.408 3.858 3.520 1.993 0.055 0.613 0.035 0.491 0.641 0.392 4.951 0.059 0.682
Simple Bells (Mult.) 0.220 0.098 0.081 0.858 0.111 0.095 0.240 0.473 0.691 0.847 0.466 0.477 1.305 1.698 0.004 0.025 0.019 0.212 0.206 0.177 1.882 0.012 0.583
Simple Spikes (Add) 0.010 0.112 0.189 0.372 0.160 0.126 0.205 0.653 0.756 0.823 0.740 0.732 0.862 0.644 0.013 0.009 0.007 0.071 0.231 0.146 1.258 0.009 0.162
Simple Spikes (Mult.) 0.024 0.061 0.056 0.089 0.079 0.076 0.151 0.581 0.664 0.781 0.642 0.620 0.885 1.930 0.004 0.006 0.456 0.054 0.458 0.453 1.397 0.009 0.490
Simple Steps (Add) 0.023 0.232 0.358 0.742 0.309 0.356 0.649 1.653 1.856 1.862 1.811 1.790 1.863 1.079 0.033 0.077 0.018 0.337 0.452 0.422 2.577 0.029 0.411
Simple Steps (Mult.) 0.023 0.058 0.070 0.113 0.079 0.084 0.193 0.720 1.014 1.067 0.808 0.802 1.122 2.262 0.008 0.007 0.703 0.076 0.177 0.124 1.808 0.009 0.735
Single ARP (Add.) 0.601 0.331 0.181 0.811 0.372 0.121 0.294 0.344 0.548 0.823 0.326 0.299 1.230 1.200 0.027 0.035 0.015 0.040 0.093 0.072 1.774 0.020 0.137
Single ARP (Mult.) 0.148 0.138 0.129 0.593 0.166 0.082 0.154 0.166 0.418 0.540 0.221 0.197 1.213 1.914 0.004 0.019 0.016 0.048 0.069 0.053 1.877 0.009 0.128
Single Bells (Add.) 2.675 0.273 0.331 2.599 0.402 0.469 0.886 3.728 3.835 4.079 3.324 3.834 3.779 1.945 0.054 0.346 0.026 0.687 0.965 0.616 4.779 0.067 0.673
Single Bells (Mult.) 0.165 0.099 0.080 1.122 0.103 0.073 0.212 0.539 0.684 0.851 0.462 0.470 1.384 1.611 0.003 0.025 0.019 0.214 0.299 0.208 1.989 0.012 0.534
Single Spikes (Add.) 0.010 0.043 0.073 0.309 0.064 0.056 0.089 0.653 0.690 0.826 0.716 0.709 0.826 0.540 0.002 0.002 0.470 0.040 0.235 0.112 1.242 0.001 0.072
Single Spikes (Mult.) 0.023 0.056 0.064 0.115 0.075 0.065 0.186 0.575 0.629 0.831 0.640 0.617 0.881 1.909 0.002 0.004 0.451 0.046 0.453 0.449 1.415 0.009 0.482
Single Steps (Add.) 0.019 0.080 0.083 0.514 0.118 0.119 0.193 1.273 1.501 1.566 1.400 1.358 1.564 0.886 0.005 0.009 0.008 0.064 0.196 0.186 2.281 0.009 0.197
Single Steps (Mult.) 0.023 0.065 0.059 0.061 0.112 0.074 0.209 0.735 0.998 1.067 0.790 0.827 1.115 2.672 0.004 0.004 0.684 0.068 0.192 0.127 1.841 0.009 0.714

Agg. Relative Score 0.144 0.179 0.185 0.694 0.235 0.182 0.400 1.000 1.374 1.642 1.065 1.041 2.016 2.153 0.013 0.030 0.071 0.140 0.341 0.257 2.989 0.019 0.452
Avg. Rank 9.250 7.562 8.125 15.125 9.875 8.062 12.312 16.000 18.750 20.312 17.125 16.812 21.000 19.625 2.125 3.750 5.562 6.812 11.188 9.188 22.688 2.438 12.312

Table 7: MASE scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 1.004 0.547 0.509 1.282 0.551 0.511 0.520 0.768 1.848 2.056 0.608 0.613 2.130 2.801 0.317 0.419 0.099 0.110 0.242 0.148 1.947 0.270 0.318
Diverse ARP (Mult.) 0.500 0.515 0.659 0.987 0.579 0.501 0.598 0.772 1.791 1.928 0.648 0.571 1.973 3.091 0.404 0.370 0.221 0.314 0.374 0.323 1.921 0.360 0.533
Diverse Bells (Add) 3.392 0.834 1.660 4.066 1.105 1.510 3.557 3.975 4.713 4.634 3.871 4.417 4.529 2.234 0.446 2.513 0.169 12.561 1.584 1.512 5.563 0.586 1.249
Diverse Bells (Mult.) 0.925 0.572 0.850 1.959 0.861 0.904 1.445 1.620 2.755 2.834 1.580 1.618 2.712 3.453 0.651 1.462 0.249 0.920 1.171 1.000 2.698 0.721 1.619
Diverse Spikes (Add) 0.062 0.100 0.195 0.294 0.127 0.162 0.195 0.767 0.999 1.048 0.775 0.801 1.049 1.203 0.077 0.132 0.022 0.107 0.176 0.163 1.286 0.059 0.274
Diverse Spikes (Mult.) 0.173 0.185 0.351 0.451 0.250 0.265 0.635 0.691 1.201 1.247 0.722 0.772 1.211 1.826 0.121 0.240 0.491 0.264 0.537 0.516 1.427 0.199 0.682
Diverse Steps (Add) 0.393 0.198 0.691 0.896 0.303 0.598 0.475 2.099 2.388 2.387 2.019 2.107 2.396 2.182 0.252 0.584 0.056 0.222 0.490 0.409 2.851 0.155 0.837
Diverse Steps (Mult.) 0.495 0.319 0.842 1.054 0.542 0.607 1.093 1.464 2.195 2.110 1.421 1.574 2.165 3.165 0.404 1.021 0.401 0.581 0.818 0.644 2.329 0.448 1.396
Noisy ARP (Add) 0.613 0.572 0.585 0.967 0.579 0.573 0.591 0.713 1.473 1.580 0.645 0.663 1.609 1.760 0.570 0.495 0.459 0.464 0.483 0.477 1.713 0.558 0.500
Noisy ARP (Mult.) 0.750 0.578 0.633 0.884 0.615 0.603 0.646 0.778 1.619 1.647 0.666 0.657 1.703 2.510 0.632 0.552 0.512 0.552 0.551 0.551 1.665 0.614 0.593
Noisy Bells (Add) 2.370 0.747 1.371 3.301 0.914 1.250 2.634 3.328 3.721 3.851 3.399 3.357 3.477 1.472 0.722 0.714 0.436 0.805 1.027 0.867 4.558 0.702 1.112
Noisy Bells (Mult.) 0.693 0.718 0.929 1.425 0.858 0.866 1.148 1.360 2.166 2.211 1.187 1.360 2.017 2.819 1.029 0.833 0.583 1.187 1.219 1.105 2.155 0.987 1.263
Noisy Spikes (Add) 0.210 0.189 0.237 0.344 0.201 0.229 0.229 0.776 0.974 0.995 0.769 0.779 0.996 0.842 0.241 0.203 0.176 0.208 0.236 0.239 1.194 0.236 0.277
Noisy Spikes (Mult.) 0.362 0.362 0.359 0.547 0.389 0.391 0.664 0.777 1.265 1.281 0.746 0.786 1.287 1.717 0.451 0.364 0.445 0.453 0.660 0.629 1.401 0.450 0.742
Noisy Steps (Add) 0.524 0.357 0.593 0.958 0.407 0.576 0.608 1.994 2.071 2.030 1.752 1.816 2.031 1.479 0.511 0.417 0.324 0.381 0.546 0.457 2.424 0.504 0.746
Noisy Steps (Mult.) 0.497 0.462 0.638 0.806 0.551 0.601 0.976 1.190 1.574 1.597 1.204 1.163 1.555 2.123 0.630 0.558 0.462 0.636 0.714 0.683 2.052 0.661 1.149

Agg. Relative Score 0.443 0.323 0.495 0.808 0.395 0.450 0.620 1.000 1.534 1.573 0.939 0.968 1.557 1.674 0.324 0.430 0.201 0.396 0.471 0.417 1.741 0.321 0.595
Avg. Rank 8.188 4.438 10.125 15.500 7.000 8.438 12.562 16.812 20.062 20.625 15.750 16.688 20.688 20.625 6.250 6.812 2.062 6.875 9.312 7.875 21.688 5.500 12.125
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Table 8: WQL scores per model in real datasets. Models achieving the first, second, and third best scores have been
highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.022 0.036 0.036 0.016 0.026 0.038 0.024 0.016 0.019 0.040 0.043 0.023 0.024 0.020 0.020 0.072 0.035 0.016 0.027 0.015 0.065 0.034 0.028
ETT (Hourly) 0.025 0.050 0.045 0.025 0.050 0.049 0.041 0.022 0.037 0.076 0.068 0.048 0.093 0.045 0.045 0.026 0.036 0.065 0.063 0.035 0.101 0.048 0.030
M5 0.538 0.750 0.763 0.557 0.759 0.778 0.824 0.549 0.586 0.576 0.759 0.756 0.778 - 0.560 0.617 0.812 0.607 0.604 0.748 0.934 0.595 0.728
Electricity-BE 0.058 0.064 0.111 0.049 0.097 0.067 0.068 0.049 0.069 0.075 0.082 0.079 0.061 0.080 0.087 0.078 0.040 0.036 0.054 0.038 0.071 0.056 0.085
Electricity-DE 0.455 0.319 0.545 0.219 0.313 0.524 0.544 0.315 0.457 0.414 0.595 0.466 0.582 0.372 0.374 0.235 0.304 0.195 0.378 0.295 1.048 0.250 0.312
Electricity-FR 0.074 0.102 0.119 0.062 0.109 0.100 0.106 0.060 0.083 0.058 0.152 0.093 0.097 0.061 0.076 0.100 0.048 0.061 0.076 0.041 0.135 0.082 0.077
Electricity-NP 0.020 0.026 0.038 0.019 0.034 0.035 0.052 0.025 0.039 0.026 0.033 0.042 0.056 0.028 0.026 0.030 0.022 0.027 0.029 0.034 0.037 0.029 0.023
Electricity-PJM 0.059 0.067 0.050 0.038 0.069 0.054 0.103 0.039 0.062 0.051 0.052 0.038 0.108 0.075 0.027 0.030 0.030 0.027 0.027 0.024 0.037 0.028 0.040
Bull 0.077 0.268 0.260 0.062 0.211 0.154 0.164 0.113 0.171 0.171 0.249 0.155 0.177 0.133 0.095 0.104 0.082 0.072 0.073 0.077 0.234 0.112 0.145
Cockatoo 0.054 0.061 0.058 0.040 0.108 0.031 0.042 0.044 0.029 0.055 0.089 0.033 0.077 0.060 0.055 0.031 0.085 0.026 0.091 0.029 0.068 0.060 0.169
Covid19 (ProEnFo) 0.016 0.017 0.018 0.011 0.018 0.009 0.006 0.017 0.008 0.006 0.020 0.009 0.012 0.018 0.012 0.007 0.008 0.006 0.007 0.009 0.014 0.008 0.008
GFC12 0.064 0.052 0.062 0.037 0.045 0.043 0.048 0.034 0.047 0.040 0.052 0.045 0.045 0.047 0.040 0.056 0.037 0.039 0.042 0.042 0.064 0.037 0.039
GFC14 0.015 0.025 0.024 0.013 0.029 0.021 0.036 0.015 0.019 0.017 0.030 0.027 0.062 0.032 0.016 0.012 0.019 0.019 0.022 0.027 0.031 0.017 0.037
GFC17 0.025 0.040 0.043 0.019 0.035 0.045 0.037 0.035 0.034 0.031 0.042 0.035 0.036 0.021 0.018 0.046 0.013 0.021 0.021 0.019 0.031 0.016 0.031
Hog 0.031 0.055 0.051 0.018 0.053 0.033 0.173 0.024 0.034 0.043 0.050 0.035 0.049 0.037 0.016 0.019 0.020 0.020 0.021 0.020 0.022 0.019 0.026
PDB 0.027 0.021 0.027 0.017 0.026 0.018 0.020 0.015 0.019 0.019 0.031 0.021 0.052 0.020 0.018 0.025 0.010 0.017 0.016 0.020 0.030 0.019 0.020
Spain 0.059 0.039 0.052 0.038 0.029 0.015 0.043 0.035 0.039 0.054 0.056 0.043 0.047 0.033 0.060 0.046 0.023 0.071 0.038 0.030 0.057 0.031 0.028
Rideshare 0.177 1.035 0.241 0.178 0.335 0.255 1.157 0.182 0.192 0.194 0.330 0.241 0.245 0.257 0.219 0.190 0.184 0.205 0.190 0.193 0.325 0.215 0.260

Agg. Relative Score 1.174 1.624 1.660 0.878 1.571 1.267 1.702 1.000 1.204 1.272 1.812 1.305 1.780 1.286 1.091 1.140 0.932 0.939 1.094 0.926 1.752 1.044 1.263
Avg. Rank 10.111 16.167 18.056 4.500 16.667 13.500 15.944 6.667 11.389 11.500 19.389 13.833 17.500 13.059 9.111 10.778 6.667 6.833 9.056 6.778 18.167 8.222 11.556

Table 9: MASE scores per model in real datasets. Models achieving the first, second, and third best scores have been
highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.338 0.361 0.368 0.213 0.263 0.394 0.258 0.224 0.259 0.513 0.440 0.261 0.254 0.225 0.269 0.790 0.451 0.208 0.404 0.239 0.677 0.472 0.377
ETT (Hourly) 0.354 0.475 0.433 0.352 0.490 0.456 0.401 0.297 0.489 0.900 0.635 0.437 0.834 0.469 0.599 0.351 0.463 0.752 0.677 0.443 0.950 0.618 0.311
M5 0.907 1.071 1.104 0.925 1.091 1.151 1.182 0.919 0.959 0.925 1.088 1.064 1.094 - 0.911 0.938 1.038 0.946 0.953 1.326 1.268 0.919 1.056
Electricity-BE 0.432 0.363 0.626 0.374 0.547 0.380 0.388 0.380 0.458 0.510 0.465 0.448 0.343 0.306 0.621 0.568 0.292 0.276 0.406 0.276 0.405 0.414 0.663
Electricity-DE 1.001 0.481 0.823 0.378 0.472 0.791 0.821 0.636 0.970 0.820 0.898 0.704 0.878 0.699 0.671 0.458 0.625 0.381 0.646 0.526 1.582 0.506 0.539
Electricity-FR 0.676 0.729 0.851 0.570 0.782 0.717 0.762 0.548 0.801 0.520 1.085 0.662 0.695 0.532 0.691 0.881 0.451 0.562 0.628 0.382 0.966 0.734 0.736
Electricity-NP 0.548 0.552 0.817 0.518 0.719 0.754 1.115 0.654 1.070 0.674 0.713 0.895 1.200 0.717 0.683 0.769 0.560 0.685 0.682 0.869 0.781 0.816 0.561
Electricity-PJM 0.389 0.312 0.230 0.261 0.318 0.250 0.476 0.267 0.372 0.308 0.240 0.174 0.500 0.194 0.155 0.166 0.176 0.154 0.162 0.147 0.169 0.169 0.190
Bull 0.830 1.869 1.882 0.601 1.486 1.142 1.224 0.990 1.577 1.497 1.755 1.157 1.279 1.248 0.851 0.940 0.783 0.723 0.727 0.769 1.681 0.972 1.261
Cockatoo 0.911 0.666 0.634 0.652 1.170 0.342 0.460 0.706 0.324 0.797 0.969 0.354 0.836 0.881 0.761 0.442 1.107 0.308 1.184 0.471 0.737 0.869 2.200
Covid19 (ProEnFo) 0.407 0.351 0.370 0.269 0.369 0.185 0.123 0.411 0.183 0.141 0.402 0.179 0.250 0.423 0.330 0.204 0.224 0.157 0.174 0.214 0.276 0.237 0.194
GFC12 1.193 0.801 0.943 0.738 0.711 0.671 0.705 0.657 0.769 0.799 0.809 0.613 0.581 0.718 0.738 1.138 0.599 0.709 0.667 0.688 0.925 0.640 0.636
GFC14 0.499 0.586 0.553 0.414 0.674 0.495 0.835 0.433 0.517 0.501 0.694 0.631 1.439 1.010 0.468 0.339 0.524 0.521 0.587 0.693 0.722 0.492 1.053
GFC17 0.525 0.672 0.700 0.474 0.587 0.743 0.622 0.732 0.782 0.644 0.668 0.585 0.614 0.535 0.421 0.904 0.303 0.486 0.430 0.413 0.533 0.395 0.605
Hog 0.468 0.729 0.630 0.284 0.714 0.389 1.041 0.302 0.378 0.574 0.629 0.450 0.564 0.720 0.239 0.261 0.339 0.324 0.317 0.308 0.227 0.311 0.397
PDB 0.658 0.376 0.482 0.404 0.470 0.328 0.355 0.355 0.347 0.432 0.563 0.376 0.937 0.497 0.398 0.580 0.208 0.352 0.297 0.388 0.545 0.395 0.420
Spain 0.834 0.406 0.553 0.589 0.304 0.155 0.456 0.454 0.505 0.780 0.595 0.449 0.492 0.390 0.817 0.585 0.304 0.850 0.482 0.357 0.606 0.417 0.403
Rideshare 0.461 2.007 0.468 0.467 0.650 0.495 2.242 0.472 0.473 0.476 0.640 0.467 0.474 0.630 0.528 0.475 0.460 0.497 0.470 0.469 0.630 0.529 0.666

Agg. Relative Score 1.227 1.260 1.287 0.911 1.227 0.984 1.274 1.000 1.123 1.227 1.399 1.010 1.360 1.151 1.062 1.092 0.905 0.898 1.016 0.902 1.341 1.039 1.172
Avg. Rank 12.833 13.500 15.944 7.056 14.944 10.833 13.889 8.500 13.389 13.778 18.000 10.056 15.000 12.912 10.778 12.000 7.333 7.500 9.556 7.889 16.472 10.500 12.778



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

I.3 Evaluations on covariate injection on pretrained models with either IIB, OIB or both.

In this section we present results where where ChronosX has either covariates of the past (IIB), covariates of
the future (OIB), or both (IIB and OIB).

We present the following results:

• In Fig. 13 we present the Aggregated Relative WQL and MASE on simple, complex, and real datasets,

• In Table 10 and Table 11 we present the WQL on simple and complex datasets, respectively,

• In Table 12 and Table 13 we present the MASE on simple datasets, respectively.

• In Table 14 and Table 15 we present WQL and MASE on real datasets, respectively.
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(a) Agg. Rel. WQL on Simple synthetic datasets.
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(b) Agg. Rel. WQL on Complex synthetic datasets.
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(c) Agg. Rel. MASE on Simple synthetic datasets
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(d) Agg. Rel. MASE on Complex synthetic datasets
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(e) Agg. Rel. WQL on real datasets with covariates.
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(f) Agg. Rel. MASE on real datasets with covariates.

Figure 13: Aggregated Relative WQL and MASE on simple, complex, and real datasets. Emphasis on ablations of
ChronosX with either past covariates, future covariates, or both.



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

Table 10: WQL scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.164 0.018 0.045 0.168 0.043 0.060 0.055 0.056 0.148 0.099 0.198 0.007 0.007 0.002 0.005 0.015 0.012 0.402 0.003 0.022
Simple ARP (Mult.) 0.042 0.007 0.028 0.136 0.024 0.041 0.037 0.037 0.153 0.114 0.313 0.001 0.004 0.003 0.012 0.018 0.014 0.572 0.002 0.030
Simple Bells (Add) 0.287 0.271 0.288 0.225 0.185 0.252 0.318 0.319 0.383 0.346 0.176 0.005 0.056 0.003 0.048 0.061 0.037 0.582 0.005 0.060
Simple Bells (Mult.) 0.041 0.008 0.040 0.176 0.022 0.083 0.089 0.089 0.156 0.136 0.273 0.001 0.005 0.004 0.040 0.037 0.033 0.417 0.002 0.093
Simple Spikes (Add) 0.007 0.007 0.338 0.250 0.065 0.458 0.157 0.431 0.515 0.498 0.381 0.003 0.003 0.004 0.036 0.117 0.083 0.978 0.004 0.066
Simple Spikes (Mult.) 0.007 0.007 0.117 0.022 0.008 0.143 0.026 0.142 0.212 0.196 0.446 0.001 0.002 0.099 0.014 0.116 0.101 0.440 0.003 0.113
Simple Steps (Add) 0.007 0.007 0.273 0.185 0.039 0.412 0.165 0.415 0.455 0.458 0.293 0.004 0.009 0.004 0.067 0.105 0.096 0.835 0.005 0.080
Simple Steps (Mult.) 0.007 0.007 0.078 0.030 0.007 0.116 0.064 0.169 0.275 0.269 0.486 0.001 0.002 0.143 0.019 0.046 0.032 0.577 0.003 0.169
Single ARP (Add.) 0.130 0.011 0.048 0.175 0.041 0.066 0.061 0.062 0.152 0.106 0.222 0.005 0.007 0.003 0.008 0.018 0.013 0.416 0.004 0.025
Single ARP (Mult.) 0.038 0.007 0.025 0.157 0.023 0.231 0.037 0.038 0.131 0.109 0.410 0.001 0.004 0.004 0.011 0.016 0.012 0.538 0.002 0.030
Single Bells (Add.) 0.252 0.159 0.283 0.261 0.188 0.268 0.368 0.367 0.410 0.383 0.181 0.006 0.036 0.003 0.072 0.098 0.063 0.592 0.006 0.067
Single Bells (Mult.) 0.034 0.008 0.034 0.214 0.022 0.078 0.104 0.105 0.163 0.136 0.289 0.001 0.005 0.004 0.040 0.055 0.038 0.461 0.002 0.089
Single Spikes (Add.) 0.008 0.008 0.303 0.181 0.051 0.409 0.161 0.391 0.479 0.436 0.310 0.001 0.002 0.242 0.025 0.139 0.073 0.954 0.001 0.043
Single Spikes (Mult.) 0.008 0.008 0.120 0.031 0.008 0.150 0.031 0.145 0.230 0.197 0.463 0.001 0.001 0.098 0.012 0.120 0.108 0.462 0.003 0.116
Single Steps (Add.) 0.008 0.008 0.268 0.151 0.020 0.407 0.214 0.390 0.471 0.449 0.262 0.002 0.003 0.002 0.021 0.062 0.058 0.900 0.003 0.060
Single Steps (Mult.) 0.007 0.007 0.087 0.018 0.007 0.125 0.059 0.186 0.291 0.283 0.622 0.001 0.001 0.146 0.018 0.050 0.034 0.596 0.003 0.174

Agg. Relative Score 0.166 0.080 0.660 0.735 0.182 1.035 0.575 1.000 1.680 1.466 2.036 0.012 0.029 0.068 0.140 0.341 0.256 3.789 0.019 0.420
Avg. Rank 9.125 6.000 12.438 13.312 7.562 14.688 12.312 14.875 17.875 16.875 16.938 1.625 3.500 5.250 6.750 9.688 8.125 19.812 2.562 10.688

Table 11: WQL scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 0.092 0.034 0.037 0.117 0.054 0.062 0.063 0.063 0.167 0.138 0.265 0.023 0.032 0.007 0.009 0.019 0.012 0.250 0.019 0.028
Diverse ARP (Mult.) 0.036 0.031 0.036 0.077 0.048 0.060 0.059 0.059 0.153 0.137 0.269 0.030 0.029 0.016 0.024 0.028 0.024 0.221 0.027 0.041
Diverse Bells (Add) 0.208 0.192 0.211 0.271 0.210 0.247 0.259 0.257 0.317 0.313 0.168 0.027 0.161 0.011 1.162 0.105 0.124 0.464 0.035 0.081
Diverse Bells (Mult.) 0.051 0.020 0.052 0.116 0.074 0.097 0.088 0.089 0.162 0.155 0.233 0.036 0.081 0.012 0.050 0.067 0.055 0.213 0.040 0.084
Diverse Spikes (Add) 0.016 0.008 0.195 0.075 0.069 0.246 0.108 0.230 0.288 0.279 0.352 0.019 0.036 0.006 0.029 0.046 0.049 0.460 0.015 0.074
Diverse Spikes (Mult.) 0.021 0.008 0.071 0.049 0.043 0.093 0.065 0.084 0.134 0.131 0.200 0.012 0.027 0.055 0.029 0.068 0.061 0.202 0.021 0.079
Diverse Steps (Add) 0.046 0.014 0.194 0.108 0.101 0.276 0.194 0.273 0.296 0.293 0.326 0.028 0.076 0.007 0.028 0.061 0.051 0.490 0.018 0.107
Diverse Steps (Mult.) 0.042 0.013 0.093 0.087 0.066 0.145 0.123 0.126 0.185 0.188 0.264 0.033 0.086 0.036 0.049 0.067 0.054 0.273 0.037 0.119
Noisy ARP (Add) 0.063 0.059 0.063 0.102 0.065 0.077 0.071 0.072 0.169 0.152 0.185 0.059 0.052 0.048 0.049 0.051 0.051 0.261 0.058 0.053
Noisy ARP (Mult.) 0.064 0.049 0.067 0.077 0.059 0.076 0.066 0.066 0.144 0.134 0.253 0.053 0.047 0.045 0.047 0.048 0.048 0.219 0.052 0.053
Noisy Bells (Add) 0.198 0.070 0.170 0.265 0.155 0.205 0.243 0.249 0.299 0.290 0.108 0.051 0.052 0.032 0.062 0.078 0.066 0.439 0.051 0.080
Noisy Bells (Mult.) 0.049 0.043 0.050 0.101 0.072 0.093 0.094 0.094 0.163 0.157 0.205 0.072 0.058 0.042 0.088 0.091 0.081 0.213 0.068 0.090
Noisy Spikes (Add) 0.050 0.043 0.211 0.087 0.082 0.259 0.117 0.239 0.277 0.274 0.208 0.061 0.051 0.044 0.053 0.059 0.063 0.433 0.059 0.072
Noisy Spikes (Mult.) 0.038 0.034 0.083 0.059 0.054 0.104 0.075 0.100 0.149 0.146 0.197 0.048 0.040 0.050 0.050 0.084 0.076 0.216 0.048 0.088
Noisy Steps (Add) 0.065 0.042 0.128 0.127 0.110 0.243 0.202 0.277 0.266 0.267 0.197 0.066 0.053 0.041 0.049 0.071 0.060 0.425 0.065 0.096
Noisy Steps (Mult.) 0.044 0.038 0.062 0.072 0.068 0.117 0.117 0.120 0.158 0.154 0.223 0.057 0.050 0.042 0.058 0.065 0.062 0.259 0.060 0.108

Agg. Relative Score 0.420 0.247 0.703 0.782 0.591 1.021 0.841 1.000 1.551 1.486 1.728 0.297 0.410 0.188 0.389 0.459 0.415 2.329 0.297 0.579
Avg. Rank 6.938 3.875 11.188 13.562 10.062 15.000 13.375 14.875 18.000 17.250 17.375 5.250 5.875 2.062 5.812 8.000 6.812 19.688 4.750 10.250

Table 12: MASE scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.

Full Finetuned Adapters Only Pretrained Models Baselines

Chr
on

os
X(F

F+
IIB

+OIB
)

Chr
on

os
X(F

F+
OIB

)

Chr
on

os
X(F

F+
IIB

)

Chr
on

os
X(II

B+OIB
)

Chr
on

os
X(O

IB
)

Chr
on

os
X(II

B)

Chr
on

os
X(R

S)

Chr
on

os
Sm

all

M
oir

ai
(L

ar
ge

)

M
oir

ai
(B

as
e)

Aut
oA

RIM
A

TFT Deep
AR

Pa
tch

TST
x

NBEA
TSx

-I

NBEA
TSx

-G

NHiT
S

Se
as
on

al
Naiv

e

TiD
E

DLi
ne

ar

Simple ARP (Add) 0.947 0.139 0.262 0.951 0.261 0.344 0.317 0.322 0.849 0.571 1.103 0.039 0.034 0.013 0.029 0.086 0.067 1.788 0.019 0.122
Simple ARP (Mult.) 0.161 0.033 0.127 0.500 0.110 0.176 0.156 0.157 0.642 0.454 1.616 0.006 0.020 0.014 0.051 0.070 0.057 1.930 0.009 0.128
Simple Bells (Add) 3.203 3.044 3.227 2.459 2.119 2.805 3.474 3.483 4.069 3.689 1.993 0.055 0.613 0.035 0.491 0.641 0.392 4.951 0.059 0.682
Simple Bells (Mult.) 0.220 0.046 0.214 0.858 0.130 0.462 0.472 0.473 0.847 0.691 1.698 0.004 0.025 0.019 0.212 0.206 0.177 1.882 0.012 0.583
Simple Spikes (Add) 0.010 0.010 0.515 0.372 0.101 0.733 0.292 0.653 0.823 0.756 0.644 0.013 0.009 0.007 0.071 0.231 0.146 1.258 0.009 0.162
Simple Spikes (Mult.) 0.024 0.024 0.469 0.089 0.024 0.600 0.093 0.581 0.781 0.664 1.930 0.004 0.006 0.456 0.054 0.458 0.453 1.397 0.009 0.490
Simple Steps (Add) 0.023 0.022 1.163 0.742 0.141 1.691 0.780 1.653 1.862 1.856 1.079 0.033 0.077 0.018 0.337 0.452 0.422 2.577 0.029 0.411
Simple Steps (Mult.) 0.023 0.023 0.306 0.113 0.023 0.490 0.254 0.720 1.067 1.014 2.262 0.008 0.007 0.703 0.076 0.177 0.124 1.808 0.009 0.735
Single ARP (Add.) 0.601 0.058 0.275 0.811 0.232 0.358 0.340 0.344 0.823 0.548 1.200 0.027 0.035 0.015 0.040 0.093 0.072 1.774 0.020 0.137
Single ARP (Mult.) 0.148 0.034 0.111 0.593 0.106 1.084 0.162 0.166 0.540 0.418 1.914 0.004 0.019 0.016 0.048 0.069 0.053 1.877 0.009 0.128
Single Bells (Add.) 2.675 1.759 3.126 2.599 1.946 2.762 3.735 3.728 4.079 3.835 1.945 0.054 0.346 0.026 0.687 0.965 0.616 4.779 0.067 0.673
Single Bells (Mult.) 0.165 0.046 0.168 1.122 0.127 0.426 0.539 0.539 0.851 0.684 1.611 0.003 0.025 0.019 0.214 0.299 0.208 1.989 0.012 0.534
Single Spikes (Add.) 0.010 0.010 0.496 0.309 0.078 0.722 0.264 0.653 0.826 0.690 0.540 0.002 0.002 0.470 0.040 0.235 0.112 1.242 0.001 0.072
Single Spikes (Mult.) 0.023 0.023 0.466 0.115 0.023 0.586 0.089 0.575 0.831 0.629 1.909 0.002 0.004 0.451 0.046 0.453 0.449 1.415 0.009 0.482
Single Steps (Add.) 0.019 0.019 0.969 0.514 0.059 1.367 0.702 1.273 1.566 1.501 0.886 0.005 0.009 0.008 0.064 0.196 0.186 2.281 0.009 0.197
Single Steps (Mult.) 0.023 0.023 0.361 0.061 0.023 0.486 0.215 0.735 1.067 0.998 2.672 0.004 0.004 0.684 0.068 0.192 0.127 1.841 0.009 0.714

Agg. Relative Score 0.144 0.074 0.671 0.694 0.173 1.057 0.566 1.000 1.642 1.374 2.153 0.013 0.030 0.071 0.140 0.341 0.257 2.989 0.019 0.452
Avg. Rank 8.844 5.844 12.375 13.062 7.562 14.875 12.312 15.000 18.000 16.750 17.000 2.250 3.500 5.188 6.812 9.438 7.938 19.688 2.500 11.062

Table 13: MASE scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 1.004 0.461 0.488 1.282 0.687 0.758 0.769 0.768 2.056 1.848 2.801 0.317 0.419 0.099 0.110 0.242 0.148 1.947 0.270 0.318
Diverse ARP (Mult.) 0.500 0.446 0.484 0.987 0.655 0.754 0.767 0.772 1.928 1.791 3.091 0.404 0.370 0.221 0.314 0.374 0.323 1.921 0.360 0.533
Diverse Bells (Add) 3.392 3.178 3.508 4.066 3.378 3.838 4.000 3.975 4.634 4.713 2.234 0.446 2.513 0.169 12.561 1.584 1.512 5.563 0.586 1.249
Diverse Bells (Mult.) 0.925 0.456 0.929 1.959 1.414 1.731 1.591 1.620 2.834 2.755 3.453 0.651 1.462 0.249 0.920 1.171 1.000 2.698 0.721 1.619
Diverse Spikes (Add) 0.062 0.036 0.681 0.294 0.283 0.808 0.439 0.767 1.048 0.999 1.203 0.077 0.132 0.022 0.107 0.176 0.163 1.286 0.059 0.274
Diverse Spikes (Mult.) 0.173 0.072 0.587 0.451 0.410 0.786 0.604 0.691 1.247 1.201 1.826 0.121 0.240 0.491 0.264 0.537 0.516 1.427 0.199 0.682
Diverse Steps (Add) 0.393 0.124 1.624 0.896 0.870 2.196 1.583 2.099 2.387 2.388 2.182 0.252 0.584 0.056 0.222 0.490 0.409 2.851 0.155 0.837
Diverse Steps (Mult.) 0.495 0.185 1.091 1.054 0.847 1.508 1.446 1.464 2.110 2.195 3.165 0.404 1.021 0.401 0.581 0.818 0.644 2.329 0.448 1.396
Noisy ARP (Add) 0.613 0.577 0.614 0.967 0.642 0.747 0.703 0.713 1.580 1.473 1.760 0.570 0.495 0.459 0.464 0.483 0.477 1.713 0.558 0.500
Noisy ARP (Mult.) 0.750 0.583 0.750 0.884 0.716 0.779 0.783 0.778 1.647 1.619 2.510 0.632 0.552 0.512 0.552 0.551 0.551 1.665 0.614 0.593
Noisy Bells (Add) 2.370 0.962 2.089 3.301 2.125 2.689 3.274 3.328 3.851 3.721 1.472 0.722 0.714 0.436 0.805 1.027 0.867 4.558 0.702 1.112
Noisy Bells (Mult.) 0.693 0.626 0.704 1.425 1.079 1.333 1.369 1.360 2.211 2.166 2.819 1.029 0.833 0.583 1.187 1.219 1.105 2.155 0.987 1.263
Noisy Spikes (Add) 0.210 0.184 0.675 0.344 0.329 0.822 0.456 0.776 0.995 0.974 0.842 0.241 0.203 0.176 0.208 0.236 0.239 1.194 0.236 0.277
Noisy Spikes (Mult.) 0.362 0.335 0.655 0.547 0.501 0.815 0.679 0.777 1.281 1.265 1.717 0.451 0.364 0.445 0.453 0.660 0.629 1.401 0.450 0.742
Noisy Steps (Add) 0.524 0.347 0.971 0.958 0.865 1.752 1.540 1.994 2.030 2.071 1.479 0.511 0.417 0.324 0.381 0.546 0.457 2.424 0.504 0.746
Noisy Steps (Mult.) 0.497 0.447 0.694 0.806 0.741 1.192 1.172 1.190 1.597 1.574 2.123 0.630 0.558 0.462 0.636 0.714 0.683 2.052 0.661 1.149

Agg. Relative Score 0.443 0.281 0.718 0.808 0.646 1.003 0.885 1.000 1.573 1.534 1.674 0.324 0.430 0.201 0.396 0.471 0.417 1.741 0.321 0.595
Avg. Rank 7.188 4.000 10.938 13.500 10.250 14.875 13.812 14.750 18.250 17.625 17.688 5.500 5.938 1.812 5.750 7.812 6.375 18.938 4.812 10.188
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Table 14: WQL scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.022 0.020 0.026 0.023 0.016 0.017 0.016 0.015 0.017 0.016 0.019 0.040 0.020 0.020 0.072 0.035 0.016 0.027 0.015 0.065
ETT (Hourly) 0.025 0.024 0.025 0.024 0.025 0.023 0.024 0.024 0.023 0.022 0.037 0.076 0.045 0.045 0.026 0.036 0.065 0.063 0.035 0.101
M5 0.538 0.538 0.537 0.537 0.557 0.551 0.552 0.551 0.549 0.549 0.586 0.576 - 0.560 0.617 0.812 0.607 0.604 0.748 0.934
Electricity-BE 0.058 0.056 0.058 0.054 0.049 0.047 0.051 0.047 0.047 0.049 0.069 0.075 0.080 0.087 0.078 0.040 0.036 0.054 0.038 0.071
Electricity-DE 0.455 0.620 0.470 0.729 0.219 0.262 0.254 0.245 0.364 0.315 0.457 0.414 0.372 0.374 0.235 0.304 0.195 0.378 0.295 1.048
Electricity-FR 0.074 0.072 0.072 0.065 0.062 0.062 0.050 0.059 0.061 0.060 0.083 0.058 0.061 0.076 0.100 0.048 0.061 0.076 0.041 0.135
Electricity-NP 0.020 0.019 0.022 0.025 0.019 0.020 0.021 0.022 0.023 0.025 0.039 0.026 0.028 0.026 0.030 0.022 0.027 0.029 0.034 0.037
Electricity-PJM 0.059 0.053 0.067 0.069 0.038 0.039 0.033 0.042 0.043 0.039 0.062 0.051 0.075 0.027 0.030 0.030 0.027 0.027 0.024 0.037
Bull 0.077 0.064 0.080 0.155 0.062 0.061 0.071 0.092 0.115 0.113 0.171 0.171 0.133 0.095 0.104 0.082 0.072 0.073 0.077 0.234
Cockatoo 0.054 0.063 0.170 0.039 0.040 0.026 0.032 0.033 0.034 0.044 0.029 0.055 0.060 0.055 0.031 0.085 0.026 0.091 0.029 0.068
Covid19 (ProEnFo) 0.016 0.015 0.017 0.017 0.011 0.012 0.015 0.016 0.013 0.017 0.008 0.006 0.018 0.012 0.007 0.008 0.006 0.007 0.009 0.014
GFC12 0.064 0.048 0.051 0.058 0.037 0.033 0.035 0.033 0.033 0.034 0.047 0.040 0.047 0.040 0.056 0.037 0.039 0.042 0.042 0.064
GFC14 0.015 0.017 0.015 0.016 0.013 0.014 0.014 0.015 0.014 0.015 0.019 0.017 0.032 0.016 0.012 0.019 0.019 0.022 0.027 0.031
GFC17 0.025 0.033 0.031 0.038 0.019 0.033 0.031 0.034 0.029 0.035 0.034 0.031 0.021 0.018 0.046 0.013 0.021 0.021 0.019 0.031
Hog 0.031 0.034 0.042 0.031 0.018 0.022 0.019 0.020 0.021 0.024 0.034 0.043 0.037 0.016 0.019 0.020 0.020 0.021 0.020 0.022
PDB 0.027 0.028 0.029 0.026 0.017 0.013 0.015 0.015 0.016 0.015 0.019 0.019 0.020 0.018 0.025 0.010 0.017 0.016 0.020 0.030
Spain 0.059 0.030 0.039 0.034 0.038 0.034 0.033 0.034 0.035 0.035 0.039 0.054 0.033 0.060 0.046 0.023 0.071 0.038 0.030 0.057
Rideshare 0.177 0.177 0.177 0.178 0.178 0.179 0.191 0.179 0.177 0.182 0.192 0.194 0.257 0.219 0.190 0.184 0.205 0.190 0.193 0.325

Agg. Relative Score 1.174 1.136 1.279 1.226 0.878 0.889 0.901 0.944 0.969 1.000 1.204 1.272 1.286 1.091 1.140 0.932 0.939 1.094 0.926 1.752
Avg. Rank 11.778 10.778 12.722 12.500 6.278 6.333 6.500 7.389 7.833 9.056 13.944 13.389 14.353 11.556 11.944 8.000 8.556 11.389 8.222 17.167

Table 15: MASE scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.338 0.297 0.352 0.337 0.213 0.207 0.212 0.206 0.211 0.224 0.259 0.513 0.225 0.269 0.790 0.451 0.208 0.404 0.239 0.677
ETT (Hourly) 0.354 0.341 0.346 0.333 0.352 0.331 0.331 0.338 0.313 0.297 0.489 0.900 0.469 0.599 0.351 0.463 0.752 0.677 0.443 0.950
M5 0.907 0.907 0.904 0.903 0.925 0.918 0.925 0.918 0.915 0.919 0.959 0.925 - 0.911 0.938 1.038 0.946 0.953 1.326 1.268
Electricity-BE 0.432 0.413 0.435 0.400 0.374 0.373 0.378 0.372 0.374 0.380 0.458 0.510 0.306 0.621 0.568 0.292 0.276 0.406 0.276 0.405
Electricity-DE 1.001 1.391 1.011 1.489 0.378 0.518 0.550 0.466 0.782 0.636 0.970 0.820 0.699 0.671 0.458 0.625 0.381 0.646 0.526 1.582
Electricity-FR 0.676 0.646 0.648 0.577 0.570 0.561 0.463 0.537 0.553 0.548 0.801 0.520 0.532 0.691 0.881 0.451 0.562 0.628 0.382 0.966
Electricity-NP 0.548 0.546 0.608 0.661 0.518 0.553 0.546 0.595 0.631 0.654 1.070 0.674 0.717 0.683 0.769 0.560 0.685 0.682 0.869 0.781
Electricity-PJM 0.389 0.365 0.438 0.445 0.261 0.258 0.216 0.281 0.285 0.267 0.372 0.308 0.194 0.155 0.166 0.176 0.154 0.162 0.147 0.169
Bull 0.830 0.623 0.850 1.463 0.601 0.546 0.675 0.840 1.027 0.990 1.577 1.497 1.248 0.851 0.940 0.783 0.723 0.727 0.769 1.681
Cockatoo 0.911 0.881 2.064 0.500 0.652 0.382 0.500 0.558 0.484 0.706 0.324 0.797 0.881 0.761 0.442 1.107 0.308 1.184 0.471 0.737
Covid19 (ProEnFo) 0.407 0.389 0.421 0.425 0.269 0.320 0.371 0.407 0.348 0.411 0.183 0.141 0.423 0.330 0.204 0.224 0.157 0.174 0.214 0.276
GFC12 1.193 0.923 1.009 1.027 0.738 0.627 0.733 0.644 0.638 0.657 0.769 0.799 0.718 0.738 1.138 0.599 0.709 0.667 0.688 0.925
GFC14 0.499 0.546 0.471 0.506 0.414 0.435 0.481 0.466 0.456 0.433 0.517 0.501 1.010 0.468 0.339 0.524 0.521 0.587 0.693 0.722
GFC17 0.525 0.650 0.630 0.792 0.474 0.700 0.617 0.717 0.620 0.732 0.782 0.644 0.535 0.421 0.904 0.303 0.486 0.430 0.413 0.533
Hog 0.468 0.402 0.575 0.377 0.284 0.289 0.287 0.277 0.286 0.302 0.378 0.574 0.720 0.239 0.261 0.339 0.324 0.317 0.308 0.227
PDB 0.658 0.742 0.753 0.656 0.404 0.344 0.377 0.366 0.396 0.355 0.347 0.432 0.497 0.398 0.580 0.208 0.352 0.297 0.388 0.545
Spain 0.834 0.402 0.452 0.498 0.589 0.487 0.365 0.438 0.462 0.454 0.505 0.780 0.390 0.817 0.585 0.304 0.850 0.482 0.357 0.606
Rideshare 0.461 0.460 0.462 0.463 0.467 0.466 0.498 0.467 0.463 0.472 0.473 0.476 0.630 0.528 0.475 0.460 0.497 0.470 0.469 0.630

Agg. Relative Score 1.227 1.155 1.281 1.225 0.911 0.898 0.915 0.955 0.979 1.000 1.123 1.227 1.151 1.062 1.092 0.905 0.898 1.016 0.902 1.341
Avg. Rank 12.944 11.444 13.111 13.056 7.667 6.167 7.667 7.500 8.111 9.278 13.444 13.611 12.559 11.333 11.889 7.722 8.556 10.556 8.056 14.917



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

I.4 Ablations showing that performance improvement is brought by covariates

In this section we present results where ChronosX (NC) and ChronosX (FF) (NC) are variants with no-
covariates of our models ChronosX and ChronosX (FF), respectively.

We present the following results:

• In Fig. 14 we present the Aggregated Relative WQL and MASE on simple, complex, and real datasets.

• In Table 16 and Table 17 we present the WQL on simple and complex datasets, respectively,

• In Table 18 and Table 19 we present the MASE on simple datasets, respectively.

• In Table 20 and Table 21 we present WQL and MASE on real datasets, respectively.
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(a) WQL on Simple Synthetic Data.
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(b) WQL on Complex Synthetic Data.
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(e) MASE on Complex Synthetic Data.
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Figure 14: Covariate ablation study. ChronosX (NC) and ChronosX (FF) (NC) are variants with no-covariates of our
models ChronosX and ChronosX (FF), respectively. Overall model ablations with no-covariates perform worse.
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Table 16: WQL scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.164 0.045 0.168 0.071 0.055 0.056 0.148 0.099 0.012 0.198 0.007 0.005 0.015 0.007 0.002 0.402
Simple ARP (Mult.) 0.042 0.027 0.136 0.051 0.037 0.037 0.153 0.114 0.014 0.313 0.001 0.012 0.018 0.004 0.003 0.572
Simple Bells (Add) 0.287 0.292 0.225 0.347 0.318 0.319 0.383 0.346 0.037 0.176 0.005 0.048 0.061 0.056 0.003 0.582
Simple Bells (Mult.) 0.041 0.062 0.176 0.085 0.089 0.089 0.156 0.136 0.033 0.273 0.001 0.040 0.037 0.005 0.004 0.417
Simple Spikes (Add) 0.007 0.338 0.250 0.449 0.157 0.431 0.515 0.498 0.083 0.381 0.003 0.036 0.117 0.003 0.004 0.978
Simple Spikes (Mult.) 0.007 0.117 0.022 0.130 0.026 0.142 0.212 0.196 0.101 0.446 0.001 0.014 0.116 0.002 0.099 0.440
Simple Steps (Add) 0.007 0.314 0.185 0.464 0.165 0.415 0.455 0.458 0.096 0.293 0.004 0.067 0.105 0.009 0.004 0.835
Simple Steps (Mult.) 0.007 0.126 0.030 0.140 0.064 0.169 0.275 0.269 0.032 0.486 0.001 0.019 0.046 0.002 0.143 0.577
Single ARP (Add.) 0.130 0.051 0.175 0.067 0.061 0.062 0.152 0.106 0.013 0.222 0.005 0.008 0.018 0.007 0.003 0.416
Single ARP (Mult.) 0.038 0.028 0.157 0.044 0.037 0.038 0.131 0.109 0.012 0.410 0.001 0.011 0.016 0.004 0.004 0.538
Single Bells (Add.) 0.252 0.282 0.261 0.385 0.368 0.367 0.410 0.383 0.063 0.181 0.006 0.072 0.098 0.036 0.003 0.592
Single Bells (Mult.) 0.034 0.068 0.214 0.118 0.104 0.105 0.163 0.136 0.038 0.289 0.001 0.040 0.055 0.005 0.004 0.461
Single Spikes (Add.) 0.008 0.302 0.181 0.485 0.161 0.391 0.479 0.436 0.073 0.310 0.001 0.025 0.139 0.002 0.242 0.954
Single Spikes (Mult.) 0.008 0.120 0.031 0.151 0.031 0.145 0.230 0.197 0.108 0.463 0.001 0.012 0.120 0.001 0.098 0.462
Single Steps (Add.) 0.008 0.297 0.151 0.462 0.214 0.390 0.471 0.449 0.058 0.262 0.002 0.021 0.062 0.003 0.002 0.900
Single Steps (Mult.) 0.007 0.131 0.018 0.156 0.059 0.186 0.291 0.283 0.034 0.622 0.001 0.018 0.050 0.001 0.146 0.596

Agg. Relative Score 0.166 0.767 0.735 1.072 0.575 1.000 1.680 1.466 0.256 2.036 0.012 0.140 0.341 0.029 0.068 3.789
Avg. Rank 6.188 9.000 9.688 11.938 8.438 10.812 13.812 12.625 5.438 13.062 1.438 4.375 6.688 2.750 3.938 15.812

Table 17: WQL scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.asdf

Full Finetuned Adapters Only Pretrained Models Baselines
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Diverse ARP (Add) 0.092 0.039 0.117 0.062 0.063 0.063 0.167 0.138 0.012 0.265 0.023 0.009 0.019 0.032 0.007 0.250
Diverse ARP (Mult.) 0.036 0.036 0.077 0.058 0.059 0.059 0.153 0.137 0.024 0.269 0.030 0.024 0.028 0.029 0.016 0.221
Diverse Bells (Add) 0.208 0.220 0.271 0.271 0.259 0.257 0.317 0.313 0.124 0.168 0.027 1.162 0.105 0.161 0.011 0.464
Diverse Bells (Mult.) 0.051 0.060 0.116 0.093 0.088 0.089 0.162 0.155 0.055 0.233 0.036 0.050 0.067 0.081 0.012 0.213
Diverse Spikes (Add) 0.016 0.180 0.075 0.219 0.108 0.230 0.288 0.279 0.049 0.352 0.019 0.029 0.046 0.036 0.006 0.460
Diverse Spikes (Mult.) 0.021 0.064 0.049 0.080 0.065 0.084 0.134 0.131 0.061 0.200 0.012 0.029 0.068 0.027 0.055 0.202
Diverse Steps (Add) 0.046 0.191 0.108 0.242 0.194 0.273 0.296 0.293 0.051 0.326 0.028 0.028 0.061 0.076 0.007 0.490
Diverse Steps (Mult.) 0.042 0.083 0.087 0.119 0.123 0.126 0.185 0.188 0.054 0.264 0.033 0.049 0.067 0.086 0.036 0.273
Noisy ARP (Add) 0.063 0.061 0.102 0.073 0.071 0.072 0.169 0.152 0.051 0.185 0.059 0.049 0.051 0.052 0.048 0.261
Noisy ARP (Mult.) 0.064 0.050 0.077 0.065 0.066 0.066 0.144 0.134 0.048 0.253 0.053 0.047 0.048 0.047 0.045 0.219
Noisy Bells (Add) 0.198 0.230 0.265 0.259 0.243 0.249 0.299 0.290 0.066 0.108 0.051 0.062 0.078 0.052 0.032 0.439
Noisy Bells (Mult.) 0.049 0.077 0.101 0.093 0.094 0.094 0.163 0.157 0.081 0.205 0.072 0.088 0.091 0.058 0.042 0.213
Noisy Spikes (Add) 0.050 0.194 0.087 0.234 0.117 0.239 0.277 0.274 0.063 0.208 0.061 0.053 0.059 0.051 0.044 0.433
Noisy Spikes (Mult.) 0.038 0.081 0.059 0.095 0.075 0.100 0.149 0.146 0.076 0.197 0.048 0.050 0.084 0.040 0.050 0.216
Noisy Steps (Add) 0.065 0.191 0.127 0.253 0.202 0.277 0.266 0.267 0.060 0.197 0.066 0.049 0.071 0.053 0.041 0.425
Noisy Steps (Mult.) 0.044 0.089 0.072 0.109 0.117 0.120 0.158 0.154 0.062 0.223 0.057 0.058 0.065 0.050 0.042 0.259

Agg. Relative Score 0.420 0.749 0.782 0.972 0.841 1.000 1.551 1.486 0.415 1.728 0.297 0.389 0.459 0.410 0.188 2.329
Avg. Rank 4.750 7.938 9.812 10.500 9.750 11.312 14.000 13.250 5.125 13.625 3.750 4.375 6.125 4.438 1.562 15.688

Table 18: MASE scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.947 0.268 0.951 0.403 0.317 0.322 0.849 0.571 0.067 1.103 0.039 0.029 0.086 0.034 0.013 1.788
Simple ARP (Mult.) 0.161 0.126 0.500 0.200 0.156 0.157 0.642 0.454 0.057 1.616 0.006 0.051 0.070 0.020 0.014 1.930
Simple Bells (Add) 3.203 3.255 2.459 3.717 3.474 3.483 4.069 3.689 0.392 1.993 0.055 0.491 0.641 0.613 0.035 4.951
Simple Bells (Mult.) 0.220 0.377 0.858 0.485 0.472 0.473 0.847 0.691 0.177 1.698 0.004 0.212 0.206 0.025 0.019 1.882
Simple Spikes (Add) 0.010 0.515 0.372 0.676 0.292 0.653 0.823 0.756 0.146 0.644 0.013 0.071 0.231 0.009 0.007 1.258
Simple Spikes (Mult.) 0.024 0.469 0.089 0.486 0.093 0.581 0.781 0.664 0.453 1.930 0.004 0.054 0.458 0.006 0.456 1.397
Simple Steps (Add) 0.023 1.424 0.742 1.685 0.780 1.653 1.862 1.856 0.422 1.079 0.033 0.337 0.452 0.077 0.018 2.577
Simple Steps (Mult.) 0.023 0.641 0.113 0.686 0.254 0.720 1.067 1.014 0.124 2.262 0.008 0.076 0.177 0.007 0.703 1.808
Single ARP (Add.) 0.601 0.294 0.811 0.371 0.340 0.344 0.823 0.548 0.072 1.200 0.027 0.040 0.093 0.035 0.015 1.774
Single ARP (Mult.) 0.148 0.128 0.593 0.185 0.162 0.166 0.540 0.418 0.053 1.914 0.004 0.048 0.069 0.019 0.016 1.877
Single Bells (Add.) 2.675 3.107 2.599 3.868 3.735 3.728 4.079 3.835 0.616 1.945 0.054 0.687 0.965 0.346 0.026 4.779
Single Bells (Mult.) 0.165 0.402 1.122 0.613 0.539 0.539 0.851 0.684 0.208 1.611 0.003 0.214 0.299 0.025 0.019 1.989
Single Spikes (Add.) 0.010 0.496 0.309 0.810 0.264 0.653 0.826 0.690 0.112 0.540 0.002 0.040 0.235 0.002 0.470 1.242
Single Spikes (Mult.) 0.023 0.466 0.115 0.585 0.089 0.575 0.831 0.629 0.449 1.909 0.002 0.046 0.453 0.004 0.451 1.415
Single Steps (Add.) 0.019 1.172 0.514 1.467 0.702 1.273 1.566 1.501 0.186 0.886 0.005 0.064 0.196 0.009 0.008 2.281
Single Steps (Mult.) 0.023 0.626 0.061 0.742 0.215 0.735 1.067 0.998 0.127 2.672 0.004 0.068 0.192 0.004 0.684 1.841

Agg. Relative Score 0.144 0.827 0.694 1.073 0.566 1.000 1.642 1.374 0.257 2.153 0.013 0.140 0.341 0.030 0.071 2.989
Avg. Rank 6.000 9.000 9.438 11.875 8.375 10.875 14.062 12.688 5.312 13.188 1.812 4.438 6.688 2.688 3.875 15.688



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

Table 19: MASE scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.

Full Finetuned Adapters Only Pretrained Models Baselines
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Diverse ARP (Add) 1.004 0.513 1.282 0.769 0.769 0.768 2.056 1.848 0.148 2.801 0.317 0.110 0.242 0.419 0.099 1.947
Diverse ARP (Mult.) 0.500 0.491 0.987 0.740 0.767 0.772 1.928 1.791 0.323 3.091 0.404 0.314 0.374 0.370 0.221 1.921
Diverse Bells (Add) 3.392 3.608 4.066 4.079 4.000 3.975 4.634 4.713 1.512 2.234 0.446 12.561 1.584 2.513 0.169 5.563
Diverse Bells (Mult.) 0.925 1.191 1.959 1.661 1.591 1.620 2.834 2.755 1.000 3.453 0.651 0.920 1.171 1.462 0.249 2.698
Diverse Spikes (Add) 0.062 0.599 0.294 0.733 0.439 0.767 1.048 0.999 0.163 1.203 0.077 0.107 0.176 0.132 0.022 1.286
Diverse Spikes (Mult.) 0.173 0.508 0.451 0.676 0.604 0.691 1.247 1.201 0.516 1.826 0.121 0.264 0.537 0.240 0.491 1.427
Diverse Steps (Add) 0.393 1.761 0.896 2.036 1.583 2.099 2.387 2.388 0.409 2.182 0.252 0.222 0.490 0.584 0.056 2.851
Diverse Steps (Mult.) 0.495 1.125 1.054 1.386 1.446 1.464 2.110 2.195 0.644 3.165 0.404 0.581 0.818 1.021 0.401 2.329
Noisy ARP (Add) 0.613 0.596 0.967 0.715 0.703 0.713 1.580 1.473 0.477 1.760 0.570 0.464 0.483 0.495 0.459 1.713
Noisy ARP (Mult.) 0.750 0.592 0.884 0.767 0.783 0.778 1.647 1.619 0.551 2.510 0.632 0.552 0.551 0.552 0.512 1.665
Noisy Bells (Add) 2.370 3.193 3.301 3.441 3.274 3.328 3.851 3.721 0.867 1.472 0.722 0.805 1.027 0.714 0.436 4.558
Noisy Bells (Mult.) 0.693 1.114 1.425 1.334 1.369 1.360 2.211 2.166 1.105 2.819 1.029 1.187 1.219 0.833 0.583 2.155
Noisy Spikes (Add) 0.210 0.643 0.344 0.748 0.456 0.776 0.995 0.974 0.239 0.842 0.241 0.208 0.236 0.203 0.176 1.194
Noisy Spikes (Mult.) 0.362 0.640 0.547 0.756 0.679 0.777 1.281 1.265 0.629 1.717 0.451 0.453 0.660 0.364 0.445 1.401
Noisy Steps (Add) 0.524 1.552 0.958 1.898 1.540 1.994 2.030 2.071 0.457 1.479 0.511 0.381 0.546 0.417 0.324 2.424
Noisy Steps (Mult.) 0.497 1.017 0.806 1.128 1.172 1.190 1.597 1.574 0.683 2.123 0.630 0.636 0.714 0.558 0.462 2.052

Agg. Relative Score 0.443 0.792 0.808 0.981 0.885 1.000 1.573 1.534 0.417 1.674 0.324 0.396 0.471 0.430 0.201 1.741
Avg. Rank 5.000 8.188 9.562 10.625 9.938 11.062 14.250 13.625 4.750 13.875 4.000 4.312 6.000 4.438 1.438 14.938

Table 20: WQL scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.

Full Finetuned Adapters Only Pretrained Models Baselines
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ETT (15 Min.) 0.022 0.022 0.016 0.018 0.015 0.016 0.019 0.040 0.020 0.020 0.072 0.035 0.016 0.027 0.015 0.065
ETT (Hourly) 0.025 0.024 0.025 0.022 0.024 0.022 0.037 0.076 0.045 0.045 0.026 0.036 0.065 0.063 0.035 0.101
M5 0.538 0.537 0.557 0.552 0.551 0.549 0.586 0.576 - 0.560 0.617 0.812 0.607 0.604 0.748 0.934
Electricity-BE 0.058 0.059 0.049 0.051 0.047 0.049 0.069 0.075 0.080 0.087 0.078 0.040 0.036 0.054 0.038 0.071
Electricity-DE 0.455 0.553 0.219 0.243 0.245 0.315 0.457 0.414 0.372 0.374 0.235 0.304 0.195 0.378 0.295 1.048
Electricity-FR 0.074 0.071 0.062 0.062 0.059 0.060 0.083 0.058 0.061 0.076 0.100 0.048 0.061 0.076 0.041 0.135
Electricity-NP 0.020 0.019 0.019 0.027 0.022 0.025 0.039 0.026 0.028 0.026 0.030 0.022 0.027 0.029 0.034 0.037
Electricity-PJM 0.059 0.070 0.038 0.033 0.042 0.039 0.062 0.051 0.075 0.027 0.030 0.030 0.027 0.027 0.024 0.037
Bull 0.077 0.154 0.062 0.105 0.092 0.113 0.171 0.171 0.133 0.095 0.104 0.082 0.072 0.073 0.077 0.234
Cockatoo 0.054 0.141 0.040 0.068 0.033 0.044 0.029 0.055 0.060 0.055 0.031 0.085 0.026 0.091 0.029 0.068
Covid19 (ProEnFo) 0.016 0.017 0.011 0.013 0.016 0.017 0.008 0.006 0.018 0.012 0.007 0.008 0.006 0.007 0.009 0.014
GFC12 0.064 0.055 0.037 0.035 0.033 0.034 0.047 0.040 0.047 0.040 0.056 0.037 0.039 0.042 0.042 0.064
GFC14 0.015 0.020 0.013 0.014 0.015 0.015 0.019 0.017 0.032 0.016 0.012 0.019 0.019 0.022 0.027 0.031
GFC17 0.025 0.038 0.019 0.035 0.034 0.035 0.034 0.031 0.021 0.018 0.046 0.013 0.021 0.021 0.019 0.031
Hog 0.031 0.032 0.018 0.021 0.020 0.024 0.034 0.043 0.037 0.016 0.019 0.020 0.020 0.021 0.020 0.022
PDB 0.027 0.021 0.017 0.015 0.015 0.015 0.019 0.019 0.020 0.018 0.025 0.010 0.017 0.016 0.020 0.030
Spain 0.059 0.043 0.038 0.039 0.034 0.035 0.039 0.054 0.033 0.060 0.046 0.023 0.071 0.038 0.030 0.057
Rideshare 0.177 0.178 0.178 0.229 0.179 0.182 0.192 0.194 0.257 0.219 0.190 0.184 0.205 0.190 0.193 0.325

Agg. Relative Score 1.174 1.313 0.878 1.011 0.944 1.000 1.204 1.272 1.286 1.091 1.140 0.932 0.939 1.094 0.926 1.752
Avg. Rank 9.056 10.556 4.667 7.500 5.389 6.722 10.667 10.111 11.353 8.722 9.444 6.056 6.611 8.722 6.444 13.722

Table 21: MASE scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.338 0.327 0.213 0.210 0.206 0.224 0.259 0.513 0.225 0.269 0.790 0.451 0.208 0.404 0.239 0.677
ETT (Hourly) 0.354 0.343 0.352 0.294 0.338 0.297 0.489 0.900 0.469 0.599 0.351 0.463 0.752 0.677 0.443 0.950
M5 0.907 0.905 0.925 0.930 0.918 0.919 0.959 0.925 - 0.911 0.938 1.038 0.946 0.953 1.326 1.268
Electricity-BE 0.432 0.454 0.374 0.382 0.372 0.380 0.458 0.510 0.306 0.621 0.568 0.292 0.276 0.406 0.276 0.405
Electricity-DE 1.001 1.208 0.378 0.473 0.466 0.636 0.970 0.820 0.699 0.671 0.458 0.625 0.381 0.646 0.526 1.582
Electricity-FR 0.676 0.640 0.570 0.558 0.537 0.548 0.801 0.520 0.532 0.691 0.881 0.451 0.562 0.628 0.382 0.966
Electricity-NP 0.548 0.526 0.518 0.742 0.595 0.654 1.070 0.674 0.717 0.683 0.769 0.560 0.685 0.682 0.869 0.781
Electricity-PJM 0.389 0.450 0.261 0.227 0.281 0.267 0.372 0.308 0.194 0.155 0.166 0.176 0.154 0.162 0.147 0.169
Bull 0.830 1.447 0.601 0.954 0.840 0.990 1.577 1.497 1.248 0.851 0.940 0.783 0.723 0.727 0.769 1.681
Cockatoo 0.911 2.097 0.652 1.037 0.558 0.706 0.324 0.797 0.881 0.761 0.442 1.107 0.308 1.184 0.471 0.737
Covid19 (ProEnFo) 0.407 0.432 0.269 0.338 0.407 0.411 0.183 0.141 0.423 0.330 0.204 0.224 0.157 0.174 0.214 0.276
GFC12 1.193 1.044 0.738 0.692 0.644 0.657 0.769 0.799 0.718 0.738 1.138 0.599 0.709 0.667 0.688 0.925
GFC14 0.499 0.569 0.414 0.403 0.466 0.433 0.517 0.501 1.010 0.468 0.339 0.524 0.521 0.587 0.693 0.722
GFC17 0.525 0.820 0.474 0.743 0.717 0.732 0.782 0.644 0.535 0.421 0.904 0.303 0.486 0.430 0.413 0.533
Hog 0.468 0.364 0.284 0.293 0.277 0.302 0.378 0.574 0.720 0.239 0.261 0.339 0.324 0.317 0.308 0.227
PDB 0.658 0.530 0.404 0.369 0.366 0.355 0.347 0.432 0.497 0.398 0.580 0.208 0.352 0.297 0.388 0.545
Spain 0.834 0.628 0.589 0.638 0.438 0.454 0.505 0.780 0.390 0.817 0.585 0.304 0.850 0.482 0.357 0.606
Rideshare 0.461 0.463 0.467 0.614 0.467 0.472 0.473 0.476 0.630 0.528 0.475 0.460 0.497 0.470 0.469 0.630

Agg. Relative Score 1.227 1.324 0.911 1.022 0.955 1.000 1.123 1.227 1.151 1.062 1.092 0.905 0.898 1.016 0.902 1.341
Avg. Rank 10.167 10.889 5.833 8.167 5.500 7.000 10.444 10.500 10.088 8.833 9.222 6.167 6.611 7.944 6.333 11.972
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I.5 Ablation: performance with larger version of Chronos

In this section we present results where ChronosX is based in Chronos-Small, Chronos-Base and Chronos-Large
pretrained models.

We present the following results:

• In Fig. 15 we present the Aggregated Relative WQL and MASE on simple, complex, and real datasets, with
ChronosX on Chronos-Small, Chronos-Base and Chronos-Large model versions.

• In Table 22 and Table 23 we present the WQL on simple and complex datasets, respectively,

• In Table 24 and Table 25 we present the MASE on simple datasets, respectively.

• In Table 26 and Table 27 we present WQL and MASE on real datasets, respectively.
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0 1 2 3
Agg. Relative MASE

TFT
DeepAR

PatchTSTx
ChronosX (FF) (Large)

NBEATSx-I
ChronosX (FF)

ChronosX (FF) (Base)
NHiTS

ChronosX (Large)
NBEATSx-G

ChronosX (Base)
ChronosX

Chronos Large
Chronos Base
Chronos Small
Moirai (Base)

Moirai (Large)
AutoARIMA

Seasonal Naive

0.013
0.030
0.071

0.140

0.257

0.341

2.153
2.989

0.128

0.144
0.164

0.290

0.389
0.694

0.971
0.982
1.000

1.374
1.642

Baselines
Full Finetuned

Adapters Only
Pretrained Models

(d) MASE on Simple Synthetic Data.

0.0 0.5 1.0 1.5 2.0
Agg. Relative MASE

PatchTSTx
TFT

ChronosX (FF) (Large)
ChronosX (FF) (Base)

NBEATSx-I
NHiTS

DeepAR
ChronosX (FF)

NBEATSx-G
ChronosX (Large)
ChronosX (Base)

ChronosX
Chronos Large
Chronos Base
Chronos Small
Moirai (Base)

Moirai (Large)
AutoARIMA

Seasonal Naive

0.201
0.324

0.396
0.417
0.430

0.471

1.674
1.741

0.333
0.352

0.443

0.610
0.669

0.808
0.897
0.917

1.000
1.534
1.573

Baselines
Full Finetuned

Adapters Only
Pretrained Models

(e) MASE on Complex Synthetic Data.

0.0 0.5 1.0 1.5
Agg. Relative MASE

NBEATSx-G
NHiTS

PatchTSTx
ChronosX

Chronos Small
NBEATSx-I

ChronosX (Base)
Chronos Large

ChronosX (Large)
TFT

Chronos Base
DeepAR

Moirai (Base)
ChronosX (FF) (Large)

AutoARIMA
ChronosX (FF) (Base)

Moirai (Large)
ChronosX (FF)
Seasonal Naive

0.898
0.902
0.905

1.016

1.062

1.092

1.151

1.341

1.136

1.151

1.227

0.911

1.031

1.050

1.000

1.046

1.067

1.123

1.227

Baselines
Full Finetuned

Adapters Only
Pretrained Models

(f) MASE on Real Datasets

Figure 15: Ablations of ChronosX and ChronosX (FF) with larger versions of Chronos.



ChronosX: Adapting Pretrained Time Series Models with Exogenous Variables

Table 22: WQL scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.164 0.545 0.043 0.168 0.079 0.052 0.056 0.057 0.054 0.148 0.099 0.012 0.198 0.007 0.005 0.015 0.007 0.002 0.402
Simple ARP (Mult.) 0.042 0.020 0.021 0.136 0.097 0.042 0.037 0.039 0.038 0.153 0.114 0.014 0.313 0.001 0.012 0.018 0.004 0.003 0.572
Simple Bells (Add) 0.287 0.281 0.283 0.225 0.297 0.274 0.319 0.307 0.296 0.383 0.346 0.037 0.176 0.005 0.048 0.061 0.056 0.003 0.582
Simple Bells (Mult.) 0.041 0.081 0.052 0.176 0.183 0.086 0.089 0.089 0.090 0.156 0.136 0.033 0.273 0.001 0.040 0.037 0.005 0.004 0.417
Simple Spikes (Add) 0.007 0.007 0.007 0.250 0.093 0.033 0.431 0.376 0.358 0.515 0.498 0.083 0.381 0.003 0.036 0.117 0.003 0.004 0.978
Simple Spikes (Mult.) 0.007 0.007 0.007 0.022 0.014 0.036 0.142 0.144 0.140 0.212 0.196 0.101 0.446 0.001 0.014 0.116 0.002 0.099 0.440
Simple Steps (Add) 0.007 0.007 0.007 0.185 0.043 0.024 0.415 0.403 0.404 0.455 0.458 0.096 0.293 0.004 0.067 0.105 0.009 0.004 0.835
Simple Steps (Mult.) 0.007 0.007 0.007 0.030 0.010 0.010 0.169 0.196 0.189 0.275 0.269 0.032 0.486 0.001 0.019 0.046 0.002 0.143 0.577
Single ARP (Add.) 0.130 0.139 0.042 0.175 0.122 0.060 0.062 0.059 0.059 0.152 0.106 0.013 0.222 0.005 0.008 0.018 0.007 0.003 0.416
Single ARP (Mult.) 0.038 0.021 0.019 0.157 0.087 0.039 0.038 0.039 0.035 0.131 0.109 0.012 0.410 0.001 0.011 0.016 0.004 0.004 0.538
Single Bells (Add.) 0.252 0.293 0.292 0.261 0.314 0.293 0.367 0.343 0.316 0.410 0.383 0.063 0.181 0.006 0.072 0.098 0.036 0.003 0.592
Single Bells (Mult.) 0.034 0.108 0.058 0.214 0.182 0.112 0.105 0.100 0.100 0.163 0.136 0.038 0.289 0.001 0.040 0.055 0.005 0.004 0.461
Single Spikes (Add.) 0.008 0.008 0.008 0.181 0.102 0.030 0.391 0.366 0.343 0.479 0.436 0.073 0.310 0.001 0.025 0.139 0.002 0.242 0.954
Single Spikes (Mult.) 0.008 0.008 0.008 0.031 0.014 0.024 0.145 0.151 0.140 0.230 0.197 0.108 0.463 0.001 0.012 0.120 0.001 0.098 0.462
Single Steps (Add.) 0.008 0.008 0.008 0.151 0.033 0.020 0.390 0.385 0.400 0.471 0.449 0.058 0.262 0.002 0.021 0.062 0.003 0.002 0.900
Single Steps (Mult.) 0.007 0.007 0.007 0.018 0.009 0.011 0.186 0.195 0.182 0.291 0.283 0.034 0.622 0.001 0.018 0.050 0.001 0.146 0.596

Agg. Relative Score 0.166 0.187 0.138 0.735 0.411 0.285 1.000 0.996 0.960 1.680 1.466 0.256 2.036 0.012 0.140 0.341 0.029 0.068 3.789
Avg. Rank 7.250 7.812 6.375 12.375 11.000 9.000 13.250 13.188 12.375 16.750 15.625 7.188 15.625 1.438 5.875 8.562 2.875 4.688 18.750

Table 23: WQL scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.asdf
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Diverse ARP (Add) 0.092 0.037 0.036 0.117 0.052 0.047 0.063 0.052 0.047 0.167 0.138 0.012 0.265 0.023 0.009 0.019 0.032 0.007 0.250
Diverse ARP (Mult.) 0.036 0.030 0.033 0.077 0.062 0.041 0.059 0.044 0.042 0.153 0.137 0.024 0.269 0.030 0.024 0.028 0.029 0.016 0.221
Diverse Bells (Add) 0.208 0.215 0.221 0.271 0.243 0.235 0.257 0.259 0.250 0.317 0.313 0.124 0.168 0.027 1.162 0.105 0.161 0.011 0.464
Diverse Bells (Mult.) 0.051 0.046 0.056 0.116 0.108 0.081 0.089 0.081 0.084 0.162 0.155 0.055 0.233 0.036 0.050 0.067 0.081 0.012 0.213
Diverse Spikes (Add) 0.016 0.010 0.008 0.075 0.043 0.037 0.230 0.210 0.207 0.288 0.279 0.049 0.352 0.019 0.029 0.046 0.036 0.006 0.460
Diverse Spikes (Mult.) 0.021 0.010 0.010 0.049 0.033 0.039 0.084 0.076 0.077 0.134 0.131 0.061 0.200 0.012 0.029 0.068 0.027 0.055 0.202
Diverse Steps (Add) 0.046 0.021 0.016 0.108 0.097 0.090 0.273 0.258 0.259 0.296 0.293 0.051 0.326 0.028 0.028 0.061 0.076 0.007 0.490
Diverse Steps (Mult.) 0.042 0.022 0.022 0.087 0.081 0.073 0.126 0.118 0.123 0.185 0.188 0.054 0.264 0.033 0.049 0.067 0.086 0.036 0.273
Noisy ARP (Add) 0.063 0.057 0.057 0.102 0.076 0.063 0.072 0.069 0.065 0.169 0.152 0.051 0.185 0.059 0.049 0.051 0.052 0.048 0.261
Noisy ARP (Mult.) 0.064 0.068 0.050 0.077 0.071 0.055 0.066 0.060 0.056 0.144 0.134 0.048 0.253 0.053 0.047 0.048 0.047 0.045 0.219
Noisy Bells (Add) 0.198 0.282 0.127 0.265 0.180 0.198 0.249 0.243 0.232 0.299 0.290 0.066 0.108 0.051 0.062 0.078 0.052 0.032 0.439
Noisy Bells (Mult.) 0.049 0.045 0.043 0.101 0.099 0.108 0.094 0.093 0.094 0.163 0.157 0.081 0.205 0.072 0.088 0.091 0.058 0.042 0.213
Noisy Spikes (Add) 0.050 0.042 0.042 0.087 0.061 0.053 0.239 0.217 0.212 0.277 0.274 0.063 0.208 0.061 0.053 0.059 0.051 0.044 0.433
Noisy Spikes (Mult.) 0.038 0.034 0.033 0.059 0.053 0.048 0.100 0.091 0.089 0.149 0.146 0.076 0.197 0.048 0.050 0.084 0.040 0.050 0.216
Noisy Steps (Add) 0.065 0.047 0.047 0.127 0.126 0.126 0.277 0.277 0.289 0.266 0.267 0.060 0.197 0.066 0.049 0.071 0.053 0.041 0.425
Noisy Steps (Mult.) 0.044 0.039 0.037 0.072 0.070 0.061 0.120 0.117 0.110 0.158 0.154 0.062 0.223 0.057 0.058 0.065 0.050 0.042 0.259

Agg. Relative Score 0.420 0.320 0.295 0.782 0.624 0.563 1.000 0.923 0.905 1.551 1.486 0.415 1.728 0.297 0.389 0.459 0.410 0.188 2.329
Avg. Rank 6.688 5.000 4.188 13.125 11.062 9.188 14.062 12.812 12.625 16.875 16.125 6.750 16.188 5.188 5.750 7.500 5.812 2.375 18.688

Table 24: MASE scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.947 2.741 0.254 0.951 0.532 0.308 0.322 0.326 0.319 0.849 0.571 0.067 1.103 0.039 0.029 0.086 0.034 0.013 1.788
Simple ARP (Mult.) 0.161 0.091 0.095 0.500 0.362 0.175 0.157 0.172 0.172 0.642 0.454 0.057 1.616 0.006 0.051 0.070 0.020 0.014 1.930
Simple Bells (Add) 3.203 3.143 3.171 2.459 3.275 3.119 3.483 3.353 3.328 4.069 3.689 0.392 1.993 0.055 0.491 0.641 0.613 0.035 4.951
Simple Bells (Mult.) 0.220 0.409 0.312 0.858 0.908 0.457 0.473 0.494 0.497 0.847 0.691 0.177 1.698 0.004 0.212 0.206 0.025 0.019 1.882
Simple Spikes (Add) 0.010 0.010 0.010 0.372 0.157 0.071 0.653 0.585 0.557 0.823 0.756 0.146 0.644 0.013 0.071 0.231 0.009 0.007 1.258
Simple Spikes (Mult.) 0.024 0.024 0.024 0.089 0.056 0.143 0.581 0.540 0.562 0.781 0.664 0.453 1.930 0.004 0.054 0.458 0.006 0.456 1.397
Simple Steps (Add) 0.023 0.023 0.023 0.742 0.225 0.216 1.653 1.603 1.663 1.862 1.856 0.422 1.079 0.033 0.337 0.452 0.077 0.018 2.577
Simple Steps (Mult.) 0.023 0.023 0.023 0.113 0.033 0.029 0.720 0.769 0.757 1.067 1.014 0.124 2.262 0.008 0.076 0.177 0.007 0.703 1.808
Single ARP (Add.) 0.601 0.636 0.241 0.811 0.608 0.341 0.344 0.336 0.340 0.823 0.548 0.072 1.200 0.027 0.040 0.093 0.035 0.015 1.774
Single ARP (Mult.) 0.148 0.092 0.091 0.593 0.318 0.166 0.166 0.171 0.154 0.540 0.418 0.053 1.914 0.004 0.048 0.069 0.019 0.016 1.877
Single Bells (Add.) 2.675 3.162 3.174 2.599 3.254 3.088 3.728 3.514 3.327 4.079 3.835 0.616 1.945 0.054 0.687 0.965 0.346 0.026 4.779
Single Bells (Mult.) 0.165 0.526 0.339 1.122 0.864 0.559 0.539 0.507 0.523 0.851 0.684 0.208 1.611 0.003 0.214 0.299 0.025 0.019 1.989
Single Spikes (Add.) 0.010 0.010 0.010 0.309 0.167 0.046 0.653 0.593 0.569 0.826 0.690 0.112 0.540 0.002 0.040 0.235 0.002 0.470 1.242
Single Spikes (Mult.) 0.023 0.023 0.023 0.115 0.046 0.086 0.575 0.555 0.536 0.831 0.629 0.449 1.909 0.002 0.046 0.453 0.004 0.451 1.415
Single Steps (Add.) 0.019 0.019 0.019 0.514 0.094 0.053 1.273 1.263 1.338 1.566 1.501 0.186 0.886 0.005 0.064 0.196 0.009 0.008 2.281
Single Steps (Mult.) 0.023 0.023 0.023 0.061 0.028 0.037 0.735 0.736 0.710 1.067 0.998 0.127 2.672 0.004 0.068 0.192 0.004 0.684 1.841

Agg. Relative Score 0.144 0.164 0.128 0.694 0.389 0.290 1.000 0.982 0.971 1.642 1.374 0.257 2.153 0.013 0.140 0.341 0.030 0.071 2.989
Avg. Rank 6.875 7.688 6.250 12.188 11.000 8.938 13.500 13.062 12.688 16.875 15.562 7.062 15.750 2.062 5.875 8.562 2.812 4.625 18.625

Table 25: MASE scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 1.004 0.491 0.505 1.282 0.657 0.566 0.768 0.645 0.566 2.056 1.848 0.148 2.801 0.317 0.110 0.242 0.419 0.099 1.947
Diverse ARP (Mult.) 0.500 0.427 0.460 0.987 0.796 0.544 0.772 0.569 0.545 1.928 1.791 0.323 3.091 0.404 0.314 0.374 0.370 0.221 1.921
Diverse Bells (Add) 3.392 3.596 3.664 4.066 3.880 3.810 3.975 4.111 3.960 4.634 4.713 1.512 2.234 0.446 12.561 1.584 2.513 0.169 5.563
Diverse Bells (Mult.) 0.925 0.911 1.136 1.959 1.786 1.443 1.620 1.419 1.478 2.834 2.755 1.000 3.453 0.651 0.920 1.171 1.462 0.249 2.698
Diverse Spikes (Add) 0.062 0.039 0.036 0.294 0.189 0.169 0.767 0.693 0.669 1.048 0.999 0.163 1.203 0.077 0.107 0.176 0.132 0.022 1.286
Diverse Spikes (Mult.) 0.173 0.086 0.090 0.451 0.327 0.348 0.691 0.607 0.605 1.247 1.201 0.516 1.826 0.121 0.264 0.537 0.240 0.491 1.427
Diverse Steps (Add) 0.393 0.191 0.153 0.896 0.824 0.796 2.099 2.013 2.099 2.387 2.388 0.409 2.182 0.252 0.222 0.490 0.584 0.056 2.851
Diverse Steps (Mult.) 0.495 0.298 0.314 1.054 1.019 0.917 1.464 1.437 1.435 2.110 2.195 0.644 3.165 0.404 0.581 0.818 1.021 0.401 2.329
Noisy ARP (Add) 0.613 0.556 0.556 0.967 0.724 0.619 0.713 0.669 0.631 1.580 1.473 0.477 1.760 0.570 0.464 0.483 0.495 0.459 1.713
Noisy ARP (Mult.) 0.750 0.763 0.587 0.884 0.811 0.671 0.778 0.687 0.672 1.647 1.619 0.551 2.510 0.632 0.552 0.551 0.552 0.512 1.665
Noisy Bells (Add) 2.370 3.280 1.742 3.301 2.353 2.718 3.328 3.274 3.162 3.851 3.721 0.867 1.472 0.722 0.805 1.027 0.714 0.436 4.558
Noisy Bells (Mult.) 0.693 0.641 0.623 1.425 1.402 1.478 1.360 1.332 1.340 2.211 2.166 1.105 2.819 1.029 1.187 1.219 0.833 0.583 2.155
Noisy Spikes (Add) 0.210 0.178 0.175 0.344 0.257 0.227 0.776 0.680 0.664 0.995 0.974 0.239 0.842 0.241 0.208 0.236 0.203 0.176 1.194
Noisy Spikes (Mult.) 0.362 0.336 0.326 0.547 0.506 0.456 0.777 0.696 0.683 1.281 1.265 0.629 1.717 0.451 0.453 0.660 0.364 0.445 1.401
Noisy Steps (Add) 0.524 0.387 0.385 0.958 0.968 0.949 1.994 1.934 1.977 2.030 2.071 0.457 1.479 0.511 0.381 0.546 0.417 0.324 2.424
Noisy Steps (Mult.) 0.497 0.457 0.437 0.806 0.773 0.681 1.190 1.173 1.101 1.597 1.574 0.683 2.123 0.630 0.636 0.714 0.558 0.462 2.052

Agg. Relative Score 0.443 0.352 0.333 0.808 0.669 0.610 1.000 0.917 0.897 1.573 1.534 0.417 1.674 0.324 0.396 0.471 0.430 0.201 1.741
Avg. Rank 6.812 4.938 4.312 13.000 11.438 9.500 14.188 12.688 12.188 17.250 16.625 6.250 16.562 5.312 5.500 7.500 5.875 2.125 17.938
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Table 26: WQL scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.022 0.026 0.025 0.016 0.020 0.019 0.016 0.017 0.018 0.019 0.040 0.020 0.020 0.072 0.035 0.016 0.027 0.015 0.065
ETT (Hourly) 0.025 0.024 0.027 0.025 0.026 0.026 0.022 0.025 0.026 0.037 0.076 0.045 0.045 0.026 0.036 0.065 0.063 0.035 0.101
M5 0.538 0.533 0.533 0.557 0.551 0.550 0.549 0.544 0.544 0.586 0.576 - 0.560 0.617 0.812 0.607 0.604 0.748 0.934
Electricity-BE 0.058 0.062 0.065 0.049 0.052 0.045 0.049 0.051 0.044 0.069 0.075 0.080 0.087 0.078 0.040 0.036 0.054 0.038 0.071
Electricity-DE 0.455 0.218 0.419 0.219 0.210 0.324 0.315 0.267 0.393 0.457 0.414 0.372 0.374 0.235 0.304 0.195 0.378 0.295 1.048
Electricity-FR 0.074 0.067 0.060 0.062 0.059 0.050 0.060 0.054 0.049 0.083 0.058 0.061 0.076 0.100 0.048 0.061 0.076 0.041 0.135
Electricity-NP 0.020 0.020 0.016 0.019 0.016 0.025 0.025 0.020 0.023 0.039 0.026 0.028 0.026 0.030 0.022 0.027 0.029 0.034 0.037
Electricity-PJM 0.059 0.038 0.058 0.038 0.031 0.034 0.039 0.030 0.033 0.062 0.051 0.075 0.027 0.030 0.030 0.027 0.027 0.024 0.037
Bull 0.077 0.061 0.144 0.062 0.070 0.110 0.113 0.117 0.125 0.171 0.171 0.133 0.095 0.104 0.082 0.072 0.073 0.077 0.234
Cockatoo 0.054 0.169 0.035 0.040 0.072 0.080 0.044 0.070 0.058 0.029 0.055 0.060 0.055 0.031 0.085 0.026 0.091 0.029 0.068
Covid19 (ProEnFo) 0.016 0.012 0.014 0.011 0.013 0.011 0.017 0.013 0.011 0.008 0.006 0.018 0.012 0.007 0.008 0.006 0.007 0.009 0.014
GFC12 0.064 0.051 0.043 0.037 0.032 0.036 0.034 0.030 0.036 0.047 0.040 0.047 0.040 0.056 0.037 0.039 0.042 0.042 0.064
GFC14 0.015 0.014 0.016 0.013 0.015 0.013 0.015 0.014 0.013 0.019 0.017 0.032 0.016 0.012 0.019 0.019 0.022 0.027 0.031
GFC17 0.025 0.029 0.026 0.019 0.027 0.018 0.035 0.043 0.019 0.034 0.031 0.021 0.018 0.046 0.013 0.021 0.021 0.019 0.031
Hog 0.031 0.017 0.020 0.018 0.018 0.021 0.024 0.021 0.023 0.034 0.043 0.037 0.016 0.019 0.020 0.020 0.021 0.020 0.022
PDB 0.027 0.033 0.019 0.017 0.032 0.017 0.015 0.018 0.018 0.019 0.019 0.020 0.018 0.025 0.010 0.017 0.016 0.020 0.030
Spain 0.059 0.067 0.053 0.038 0.083 0.094 0.035 0.092 0.097 0.039 0.054 0.033 0.060 0.046 0.023 0.071 0.038 0.030 0.057
Rideshare 0.177 0.177 0.177 0.178 0.178 0.178 0.182 0.177 0.178 0.192 0.194 0.257 0.219 0.190 0.184 0.205 0.190 0.193 0.325

Agg. Relative Score 1.174 1.116 1.083 0.878 1.007 1.019 1.000 1.047 1.024 1.204 1.272 1.286 1.091 1.140 0.932 0.939 1.094 0.926 1.752
Avg. Rank 10.944 9.167 10.111 5.833 8.278 8.000 8.500 8.333 8.444 13.167 12.667 13.882 10.500 11.056 7.722 8.056 10.722 7.944 16.389

Table 27: MASE scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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ETT (15 Min.) 0.338 0.363 0.344 0.213 0.287 0.272 0.224 0.242 0.243 0.259 0.513 0.225 0.269 0.790 0.451 0.208 0.404 0.239 0.677
ETT (Hourly) 0.354 0.341 0.373 0.352 0.365 0.366 0.297 0.347 0.373 0.489 0.900 0.469 0.599 0.351 0.463 0.752 0.677 0.443 0.950
M5 0.907 0.902 0.902 0.925 0.914 0.916 0.919 0.916 0.917 0.959 0.925 - 0.911 0.938 1.038 0.946 0.953 1.326 1.268
Electricity-BE 0.432 0.482 0.499 0.374 0.380 0.326 0.380 0.383 0.329 0.458 0.510 0.306 0.621 0.568 0.292 0.276 0.406 0.276 0.405
Electricity-DE 1.001 0.443 0.906 0.378 0.396 0.691 0.636 0.559 0.856 0.970 0.820 0.699 0.671 0.458 0.625 0.381 0.646 0.526 1.582
Electricity-FR 0.676 0.598 0.531 0.570 0.541 0.467 0.548 0.496 0.459 0.801 0.520 0.532 0.691 0.881 0.451 0.562 0.628 0.382 0.966
Electricity-NP 0.548 0.606 0.464 0.518 0.467 0.662 0.654 0.559 0.589 1.070 0.674 0.717 0.683 0.769 0.560 0.685 0.682 0.869 0.781
Electricity-PJM 0.389 0.260 0.378 0.261 0.202 0.227 0.267 0.186 0.218 0.372 0.308 0.194 0.155 0.166 0.176 0.154 0.162 0.147 0.169
Bull 0.830 0.596 1.322 0.601 0.615 1.023 0.990 1.032 1.113 1.577 1.497 1.248 0.851 0.940 0.783 0.723 0.727 0.769 1.681
Cockatoo 0.911 1.888 0.548 0.652 1.096 1.180 0.706 1.040 0.917 0.324 0.797 0.881 0.761 0.442 1.107 0.308 1.184 0.471 0.737
Covid19 (ProEnFo) 0.407 0.320 0.359 0.269 0.334 0.302 0.411 0.334 0.302 0.183 0.141 0.423 0.330 0.204 0.224 0.157 0.174 0.214 0.276
GFC12 1.193 1.079 0.879 0.738 0.678 0.754 0.657 0.651 0.742 0.769 0.799 0.718 0.738 1.138 0.599 0.709 0.667 0.688 0.925
GFC14 0.499 0.459 0.521 0.414 0.473 0.392 0.433 0.436 0.394 0.517 0.501 1.010 0.468 0.339 0.524 0.521 0.587 0.693 0.722
GFC17 0.525 0.590 0.556 0.474 0.560 0.424 0.732 0.895 0.427 0.782 0.644 0.535 0.421 0.904 0.303 0.486 0.430 0.413 0.533
Hog 0.468 0.313 0.322 0.284 0.287 0.304 0.302 0.321 0.329 0.378 0.574 0.720 0.239 0.261 0.339 0.324 0.317 0.308 0.227
PDB 0.658 0.790 0.472 0.404 0.778 0.431 0.355 0.466 0.449 0.347 0.432 0.497 0.398 0.580 0.208 0.352 0.297 0.388 0.545
Spain 0.834 0.909 0.852 0.589 1.091 1.162 0.454 1.160 1.193 0.505 0.780 0.390 0.817 0.585 0.304 0.850 0.482 0.357 0.606
Rideshare 0.461 0.461 0.462 0.467 0.463 0.463 0.472 0.462 0.464 0.473 0.476 0.630 0.528 0.475 0.460 0.497 0.470 0.469 0.630

Agg. Relative Score 1.227 1.151 1.136 0.911 1.031 1.050 1.000 1.067 1.046 1.123 1.227 1.151 1.062 1.092 0.905 0.898 1.016 0.902 1.341
Avg. Rank 11.833 10.333 11.389 6.667 8.944 9.222 8.389 8.944 9.722 12.500 12.778 11.971 9.944 10.722 7.500 7.889 9.833 7.167 13.861
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I.6 Ablation: performance with architecture of adapter architecture

In this section we present results where ChronosX has different adapter architectures for covariates.

We present the following results:

• In Fig. 16 we present the Aggregated Relative WQL and MASE on different versions of ChronosX with
different adapter blocks.

• In Table 28 and Table 29 we present the WQL on simple and complex datasets, respectively,

• In Table 30 and Table 31 we present the MASE on simple and complex datasets, respectively.

• In Table 32 and Table 33 we present WQL and MASE on real datasets, respectively.
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Figure 16: Ablations of ChronosX with simpler adapter blocks.
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Table 28: WQL scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.164 0.168 0.089 0.088 0.066 0.056 0.148 0.099 0.012 0.198 0.007 0.005 0.015 0.007 0.002 0.402
Simple ARP (Mult.) 0.042 0.136 0.127 0.108 0.057 0.037 0.153 0.114 0.014 0.313 0.001 0.012 0.018 0.004 0.003 0.572
Simple Bells (Add) 0.287 0.225 0.302 0.342 0.347 0.319 0.383 0.346 0.037 0.176 0.005 0.048 0.061 0.056 0.003 0.582
Simple Bells (Mult.) 0.041 0.176 0.165 0.151 0.133 0.089 0.156 0.136 0.033 0.273 0.001 0.040 0.037 0.005 0.004 0.417
Simple Spikes (Add) 0.007 0.250 0.206 0.233 0.223 0.431 0.515 0.498 0.083 0.381 0.003 0.036 0.117 0.003 0.004 0.978
Simple Spikes (Mult.) 0.007 0.022 0.020 0.025 0.136 0.142 0.212 0.196 0.101 0.446 0.001 0.014 0.116 0.002 0.099 0.440
Simple Steps (Add) 0.007 0.185 0.133 0.122 0.118 0.415 0.455 0.458 0.096 0.293 0.004 0.067 0.105 0.009 0.004 0.835
Simple Steps (Mult.) 0.007 0.030 0.059 0.105 0.204 0.169 0.275 0.269 0.032 0.486 0.001 0.019 0.046 0.002 0.143 0.577
Single ARP (Add.) 0.130 0.175 0.105 0.121 0.076 0.062 0.152 0.106 0.013 0.222 0.005 0.008 0.018 0.007 0.003 0.416
Single ARP (Mult.) 0.038 0.157 0.114 0.089 0.062 0.038 0.131 0.109 0.012 0.410 0.001 0.011 0.016 0.004 0.004 0.538
Single Bells (Add.) 0.252 0.261 0.318 0.391 0.398 0.367 0.410 0.383 0.063 0.181 0.006 0.072 0.098 0.036 0.003 0.592
Single Bells (Mult.) 0.034 0.214 0.157 0.110 0.124 0.105 0.163 0.136 0.038 0.289 0.001 0.040 0.055 0.005 0.004 0.461
Single Spikes (Add.) 0.008 0.181 0.210 0.241 0.361 0.391 0.479 0.436 0.073 0.310 0.001 0.025 0.139 0.002 0.242 0.954
Single Spikes (Mult.) 0.008 0.031 0.040 0.070 0.140 0.145 0.230 0.197 0.108 0.463 0.001 0.012 0.120 0.001 0.098 0.462
Single Steps (Add.) 0.008 0.151 0.156 0.195 0.185 0.390 0.471 0.449 0.058 0.262 0.002 0.021 0.062 0.003 0.002 0.900
Single Steps (Mult.) 0.007 0.018 0.052 0.073 0.213 0.186 0.291 0.283 0.034 0.622 0.001 0.018 0.050 0.001 0.146 0.596

Agg. Relative Score 0.166 0.735 0.741 0.824 0.971 1.000 1.680 1.466 0.256 2.036 0.012 0.140 0.341 0.029 0.068 3.789
Avg. Rank 5.938 9.875 9.375 9.750 10.375 10.250 13.875 12.375 5.562 13.375 1.438 4.375 6.812 2.750 4.062 15.812

Table 29: WQL scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.asdf

Full Finetuned Adapters Only Pretrained Models Baselines

Chr
on

os
X

(F
F)

Chr
on

os
X

Chr
on

os
X

(O
L)

Chr
on

os
X

(N
L)

Chr
on

os
X

(N
L-

NR)

Chr
on

os
Sm

all

M
oir

ai
(L

ar
ge

)

M
oir

ai
(B

as
e)

NHiT
S

Aut
oA

RIM
A

TFT NBEA
TSx

-I

NBEA
TSx

-G

Deep
AR

Pa
tch

TST
x

Se
as
on

al
Naiv

e

Diverse ARP (Add) 0.092 0.117 0.061 0.063 0.065 0.063 0.167 0.138 0.012 0.265 0.023 0.009 0.019 0.032 0.007 0.250
Diverse ARP (Mult.) 0.036 0.077 0.061 0.061 0.060 0.059 0.153 0.137 0.024 0.269 0.030 0.024 0.028 0.029 0.016 0.221
Diverse Bells (Add) 0.208 0.271 0.252 0.265 0.266 0.257 0.317 0.313 0.124 0.168 0.027 1.162 0.105 0.161 0.011 0.464
Diverse Bells (Mult.) 0.051 0.116 0.096 0.098 0.100 0.089 0.162 0.155 0.055 0.233 0.036 0.050 0.067 0.081 0.012 0.213
Diverse Spikes (Add) 0.016 0.075 0.077 0.075 0.075 0.230 0.288 0.279 0.049 0.352 0.019 0.029 0.046 0.036 0.006 0.460
Diverse Spikes (Mult.) 0.021 0.049 0.051 0.047 0.048 0.084 0.134 0.131 0.061 0.200 0.012 0.029 0.068 0.027 0.055 0.202
Diverse Steps (Add) 0.046 0.108 0.109 0.108 0.107 0.273 0.296 0.293 0.051 0.326 0.028 0.028 0.061 0.076 0.007 0.490
Diverse Steps (Mult.) 0.042 0.087 0.079 0.091 0.090 0.126 0.185 0.188 0.054 0.264 0.033 0.049 0.067 0.086 0.036 0.273
Noisy ARP (Add) 0.063 0.102 0.083 0.077 0.081 0.072 0.169 0.152 0.051 0.185 0.059 0.049 0.051 0.052 0.048 0.261
Noisy ARP (Mult.) 0.064 0.077 0.071 0.069 0.066 0.066 0.144 0.134 0.048 0.253 0.053 0.047 0.048 0.047 0.045 0.219
Noisy Bells (Add) 0.198 0.265 0.163 0.284 0.302 0.249 0.299 0.290 0.066 0.108 0.051 0.062 0.078 0.052 0.032 0.439
Noisy Bells (Mult.) 0.049 0.101 0.098 0.098 0.090 0.094 0.163 0.157 0.081 0.205 0.072 0.088 0.091 0.058 0.042 0.213
Noisy Spikes (Add) 0.050 0.087 0.087 0.087 0.088 0.239 0.277 0.274 0.063 0.208 0.061 0.053 0.059 0.051 0.044 0.433
Noisy Spikes (Mult.) 0.038 0.059 0.057 0.061 0.062 0.100 0.149 0.146 0.076 0.197 0.048 0.050 0.084 0.040 0.050 0.216
Noisy Steps (Add) 0.065 0.127 0.126 0.140 0.137 0.277 0.266 0.267 0.060 0.197 0.066 0.049 0.071 0.053 0.041 0.425
Noisy Steps (Mult.) 0.044 0.072 0.069 0.097 0.096 0.120 0.158 0.154 0.062 0.223 0.057 0.058 0.065 0.050 0.042 0.259

Agg. Relative Score 0.420 0.782 0.687 0.737 0.737 1.000 1.551 1.486 0.415 1.728 0.297 0.389 0.459 0.410 0.188 2.329
Avg. Rank 4.688 10.188 8.938 9.750 9.625 10.500 13.938 13.188 5.375 13.812 3.688 4.312 6.188 4.375 1.750 15.688

Table 30: MASE scores per model in 16 simple synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Simple ARP (Add) 0.947 0.951 0.567 0.559 0.429 0.322 0.849 0.571 0.067 1.103 0.039 0.029 0.086 0.034 0.013 1.788
Simple ARP (Mult.) 0.161 0.500 0.479 0.410 0.226 0.157 0.642 0.454 0.057 1.616 0.006 0.051 0.070 0.020 0.014 1.930
Simple Bells (Add) 3.203 2.459 3.182 3.605 3.645 3.483 4.069 3.689 0.392 1.993 0.055 0.491 0.641 0.613 0.035 4.951
Simple Bells (Mult.) 0.220 0.858 0.826 0.800 0.683 0.473 0.847 0.691 0.177 1.698 0.004 0.212 0.206 0.025 0.019 1.882
Simple Spikes (Add) 0.010 0.372 0.305 0.364 0.344 0.653 0.823 0.756 0.146 0.644 0.013 0.071 0.231 0.009 0.007 1.258
Simple Spikes (Mult.) 0.024 0.089 0.092 0.092 0.443 0.581 0.781 0.664 0.453 1.930 0.004 0.054 0.458 0.006 0.456 1.397
Simple Steps (Add) 0.023 0.742 0.510 0.528 0.559 1.653 1.862 1.856 0.422 1.079 0.033 0.337 0.452 0.077 0.018 2.577
Simple Steps (Mult.) 0.023 0.113 0.229 0.391 0.671 0.720 1.067 1.014 0.124 2.262 0.008 0.076 0.177 0.007 0.703 1.808
Single ARP (Add.) 0.601 0.811 0.524 0.623 0.409 0.344 0.823 0.548 0.072 1.200 0.027 0.040 0.093 0.035 0.015 1.774
Single ARP (Mult.) 0.148 0.593 0.436 0.356 0.236 0.166 0.540 0.418 0.053 1.914 0.004 0.048 0.069 0.019 0.016 1.877
Single Bells (Add.) 2.675 2.599 3.175 3.870 3.937 3.728 4.079 3.835 0.616 1.945 0.054 0.687 0.965 0.346 0.026 4.779
Single Bells (Mult.) 0.165 1.122 0.758 0.545 0.609 0.539 0.851 0.684 0.208 1.611 0.003 0.214 0.299 0.025 0.019 1.989
Single Spikes (Add.) 0.010 0.309 0.347 0.406 0.570 0.653 0.826 0.690 0.112 0.540 0.002 0.040 0.235 0.002 0.470 1.242
Single Spikes (Mult.) 0.023 0.115 0.147 0.251 0.454 0.575 0.831 0.629 0.449 1.909 0.002 0.046 0.453 0.004 0.451 1.415
Single Steps (Add.) 0.019 0.514 0.543 0.673 0.614 1.273 1.566 1.501 0.186 0.886 0.005 0.064 0.196 0.009 0.008 2.281
Single Steps (Mult.) 0.023 0.061 0.196 0.269 0.670 0.735 1.067 0.998 0.127 2.672 0.004 0.068 0.192 0.004 0.684 1.841

Agg. Relative Score 0.144 0.694 0.714 0.796 0.911 1.000 1.642 1.374 0.257 2.153 0.013 0.140 0.341 0.030 0.071 2.989
Avg. Rank 5.812 9.625 9.250 9.750 10.000 10.438 14.062 12.375 5.500 13.500 1.812 4.438 6.875 2.688 4.188 15.688
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Table 31: MASE scores per model in 16 complex synthetic datasets. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.
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Diverse ARP (Add) 1.004 1.282 0.745 0.766 0.779 0.768 2.056 1.848 0.148 2.801 0.317 0.110 0.242 0.419 0.099 1.947
Diverse ARP (Mult.) 0.500 0.987 0.791 0.783 0.766 0.772 1.928 1.791 0.323 3.091 0.404 0.314 0.374 0.370 0.221 1.921
Diverse Bells (Add) 3.392 4.066 3.840 3.997 4.008 3.975 4.634 4.713 1.512 2.234 0.446 12.561 1.584 2.513 0.169 5.563
Diverse Bells (Mult.) 0.925 1.959 1.673 1.720 1.755 1.620 2.834 2.755 1.000 3.453 0.651 0.920 1.171 1.462 0.249 2.698
Diverse Spikes (Add) 0.062 0.294 0.302 0.298 0.295 0.767 1.048 0.999 0.163 1.203 0.077 0.107 0.176 0.132 0.022 1.286
Diverse Spikes (Mult.) 0.173 0.451 0.471 0.452 0.460 0.691 1.247 1.201 0.516 1.826 0.121 0.264 0.537 0.240 0.491 1.427
Diverse Steps (Add) 0.393 0.896 0.889 0.914 0.893 2.099 2.387 2.388 0.409 2.182 0.252 0.222 0.490 0.584 0.056 2.851
Diverse Steps (Mult.) 0.495 1.054 0.965 1.105 1.119 1.464 2.110 2.195 0.644 3.165 0.404 0.581 0.818 1.021 0.401 2.329
Noisy ARP (Add) 0.613 0.967 0.793 0.748 0.784 0.713 1.580 1.473 0.477 1.760 0.570 0.464 0.483 0.495 0.459 1.713
Noisy ARP (Mult.) 0.750 0.884 0.848 0.829 0.799 0.778 1.647 1.619 0.551 2.510 0.632 0.552 0.551 0.552 0.512 1.665
Noisy Bells (Add) 2.370 3.301 2.144 3.703 3.911 3.328 3.851 3.721 0.867 1.472 0.722 0.805 1.027 0.714 0.436 4.558
Noisy Bells (Mult.) 0.693 1.425 1.383 1.388 1.304 1.360 2.211 2.166 1.105 2.819 1.029 1.187 1.219 0.833 0.583 2.155
Noisy Spikes (Add) 0.210 0.344 0.344 0.341 0.345 0.776 0.995 0.974 0.239 0.842 0.241 0.208 0.236 0.203 0.176 1.194
Noisy Spikes (Mult.) 0.362 0.547 0.529 0.566 0.574 0.777 1.281 1.265 0.629 1.717 0.451 0.453 0.660 0.364 0.445 1.401
Noisy Steps (Add) 0.524 0.958 0.950 1.050 1.038 1.994 2.030 2.071 0.457 1.479 0.511 0.381 0.546 0.417 0.324 2.424
Noisy Steps (Mult.) 0.497 0.806 0.772 1.027 0.999 1.190 1.597 1.574 0.683 2.123 0.630 0.636 0.714 0.558 0.462 2.052

Agg. Relative Score 0.443 0.808 0.722 0.774 0.774 1.000 1.573 1.534 0.417 1.674 0.324 0.396 0.471 0.430 0.201 1.741
Avg. Rank 4.875 10.062 8.750 9.688 9.875 10.500 14.188 13.562 5.062 14.062 3.938 4.250 6.188 4.438 1.625 14.938

Table 32: WQL scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.

Full Finetuned Adapters Only Pretrained Models Baselines
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ETT (15 Min.) 0.022 0.016 0.017 0.016 0.017 0.016 0.019 0.040 0.020 0.020 0.072 0.035 0.016 0.027 0.015 0.065
ETT (Hourly) 0.025 0.025 0.023 0.023 0.023 0.022 0.037 0.076 0.045 0.045 0.026 0.036 0.065 0.063 0.035 0.101
M5 0.538 0.557 0.555 0.553 0.552 0.549 0.586 0.576 - 0.560 0.617 0.812 0.607 0.604 0.748 0.934
Electricity-BE 0.058 0.049 0.051 0.050 0.050 0.049 0.069 0.075 0.080 0.087 0.078 0.040 0.036 0.054 0.038 0.071
Electricity-DE 0.455 0.219 0.237 0.238 0.284 0.315 0.457 0.414 0.372 0.374 0.235 0.304 0.195 0.378 0.295 1.048
Electricity-FR 0.074 0.062 0.065 0.061 0.062 0.060 0.083 0.058 0.061 0.076 0.100 0.048 0.061 0.076 0.041 0.135
Electricity-NP 0.020 0.019 0.021 0.019 0.022 0.025 0.039 0.026 0.028 0.026 0.030 0.022 0.027 0.029 0.034 0.037
Electricity-PJM 0.059 0.038 0.037 0.036 0.039 0.039 0.062 0.051 0.075 0.027 0.030 0.030 0.027 0.027 0.024 0.037
Bull 0.077 0.062 0.060 0.069 0.070 0.113 0.171 0.171 0.133 0.095 0.104 0.082 0.072 0.073 0.077 0.234
Cockatoo 0.054 0.040 0.046 0.047 0.047 0.044 0.029 0.055 0.060 0.055 0.031 0.085 0.026 0.091 0.029 0.068
Covid19 (ProEnFo) 0.016 0.011 0.012 0.013 0.012 0.017 0.008 0.006 0.018 0.012 0.007 0.008 0.006 0.007 0.009 0.014
GFC12 0.064 0.037 0.035 0.035 0.036 0.034 0.047 0.040 0.047 0.040 0.056 0.037 0.039 0.042 0.042 0.064
GFC14 0.015 0.013 0.015 0.015 0.013 0.015 0.019 0.017 0.032 0.016 0.012 0.019 0.019 0.022 0.027 0.031
GFC17 0.025 0.019 0.038 0.034 0.038 0.035 0.034 0.031 0.021 0.018 0.046 0.013 0.021 0.021 0.019 0.031
Hog 0.031 0.018 0.019 0.020 0.019 0.024 0.034 0.043 0.037 0.016 0.019 0.020 0.020 0.021 0.020 0.022
PDB 0.027 0.017 0.014 0.015 0.015 0.015 0.019 0.019 0.020 0.018 0.025 0.010 0.017 0.016 0.020 0.030
Spain 0.059 0.038 0.034 0.037 0.036 0.035 0.039 0.054 0.033 0.060 0.046 0.023 0.071 0.038 0.030 0.057
Rideshare 0.177 0.178 0.184 0.186 0.198 0.182 0.192 0.194 0.257 0.219 0.190 0.184 0.205 0.190 0.193 0.325

Agg. Relative Score 1.174 0.878 0.928 0.929 0.954 1.000 1.204 1.272 1.286 1.091 1.140 0.932 0.939 1.094 0.926 1.752
Avg. Rank 9.722 4.778 5.722 5.889 6.611 6.778 11.056 10.556 11.706 9.389 9.667 6.556 7.056 9.389 6.889 14.000

Table 33: MASE scores per model in real datasets with covariates. Models achieving the first, second, and third best
scores have been highlighted. Scores reported are averaged over three random seeds.

Full Finetuned Adapters Only Pretrained Models Baselines
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ETT (15 Min.) 0.338 0.213 0.231 0.201 0.216 0.224 0.259 0.513 0.225 0.269 0.790 0.451 0.208 0.404 0.239 0.677
ETT (Hourly) 0.354 0.352 0.330 0.327 0.318 0.297 0.489 0.900 0.469 0.599 0.351 0.463 0.752 0.677 0.443 0.950
M5 0.907 0.925 0.923 0.921 0.918 0.919 0.959 0.925 - 0.911 0.938 1.038 0.946 0.953 1.326 1.268
Electricity-BE 0.432 0.374 0.387 0.379 0.377 0.380 0.458 0.510 0.306 0.621 0.568 0.292 0.276 0.406 0.276 0.405
Electricity-DE 1.001 0.378 0.472 0.486 0.563 0.636 0.970 0.820 0.699 0.671 0.458 0.625 0.381 0.646 0.526 1.582
Electricity-FR 0.676 0.570 0.575 0.561 0.560 0.548 0.801 0.520 0.532 0.691 0.881 0.451 0.562 0.628 0.382 0.966
Electricity-NP 0.548 0.518 0.567 0.535 0.595 0.654 1.070 0.674 0.717 0.683 0.769 0.560 0.685 0.682 0.869 0.781
Electricity-PJM 0.389 0.261 0.255 0.246 0.258 0.267 0.372 0.308 0.194 0.155 0.166 0.176 0.154 0.162 0.147 0.169
Bull 0.830 0.601 0.537 0.620 0.634 0.990 1.577 1.497 1.248 0.851 0.940 0.783 0.723 0.727 0.769 1.681
Cockatoo 0.911 0.652 0.717 0.730 0.725 0.706 0.324 0.797 0.881 0.761 0.442 1.107 0.308 1.184 0.471 0.737
Covid19 (ProEnFo) 0.407 0.269 0.289 0.318 0.308 0.411 0.183 0.141 0.423 0.330 0.204 0.224 0.157 0.174 0.214 0.276
GFC12 1.193 0.738 0.693 0.693 0.709 0.657 0.769 0.799 0.718 0.738 1.138 0.599 0.709 0.667 0.688 0.925
GFC14 0.499 0.414 0.439 0.434 0.391 0.433 0.517 0.501 1.010 0.468 0.339 0.524 0.521 0.587 0.693 0.722
GFC17 0.525 0.474 0.775 0.728 0.784 0.732 0.782 0.644 0.535 0.421 0.904 0.303 0.486 0.430 0.413 0.533
Hog 0.468 0.284 0.286 0.268 0.262 0.302 0.378 0.574 0.720 0.239 0.261 0.339 0.324 0.317 0.308 0.227
PDB 0.658 0.404 0.348 0.370 0.348 0.355 0.347 0.432 0.497 0.398 0.580 0.208 0.352 0.297 0.388 0.545
Spain 0.834 0.589 0.425 0.538 0.528 0.454 0.505 0.780 0.390 0.817 0.585 0.304 0.850 0.482 0.357 0.606
Rideshare 0.461 0.467 0.482 0.486 0.528 0.472 0.473 0.476 0.630 0.528 0.475 0.460 0.497 0.470 0.469 0.630

Agg. Relative Score 1.227 0.911 0.934 0.943 0.958 1.000 1.123 1.227 1.151 1.062 1.092 0.905 0.898 1.016 0.902 1.341
Avg. Rank 10.667 6.056 6.833 6.556 6.778 7.167 10.611 10.889 10.559 9.556 9.333 6.556 7.056 8.278 6.500 12.306
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I.7 Probabilistic Forecasts of Chronos Variants

From Figure 17 to 33, we plot the probabilistic forecast of different Chronos variants.
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Figure 17: Forecasts on Bull Dataset
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Figure 18: Forecasts on Covid19 Dataset
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Figure 19: Forecasts on Electricity-BE Dataset
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Figure 20: Forecasts on Electricity-DE Dataset
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Figure 21: Forecasts on Electricity-FR Dataset
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Figure 22: Forecasts on Electricity-NP Dataset
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Figure 23: Forecasts on Electricity-PJM Dataset
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Figure 24: Forecasts on ETT (15 Min.) Dataset
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Figure 25: Forecasts on ETT (Hourly) Dataset
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Figure 26: Forecasts on GEF12 Dataset
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Figure 27: Forecasts on GEF14 Dataset
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Figure 28: Forecasts on GEF17 Dataset
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Figure 29: Forecasts on Hog Dataset
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Figure 30: Forecasts on M5 Dataset
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Figure 31: Forecasts on PDB Dataset
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Figure 32: Forecasts on Rideshare Dataset
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Figure 33: Forecasts on Spanish Dataset
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