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Abstract

Accurate forecasting with uncertainty quantification is critical in a variety of
scientific applications ranging from epidemiology and economics to energy sys-
tems and earth sciences. Yet most forecasting models still need to be developed
and trained separately for each domain-specific dataset. Time series foundation
models (TSFMs) aim to remove this limitation and enable the application of the
same model across domains through large-scale pretraining. However, existing
TSFMs treat each time series independently and therefore cannot model inter-
actions among time series and external drivers. Here, we introduce Chronos-2, a
foundation model for zero-shot forecasting that models the interactions between
multivariate time series and heterogeneous covariates, which commonly arise in
scientific applications. The model infers relationships among time series directly
from historical context and generates probabilistic forecasts without task-specific
treatment. Across various benchmarks, Chronos-2 achieves state-of-the-art accu-
racy by improving skill scores by 5.2 percentage points relative to the strongest
baselines and increasing win rates by 10 percentage points. Chronos-2 is also com-
putationally efficient, generating forecasts for 100 time series in under one second
on a single mid-range GPU, 50X and 1000X faster than the best task-specific
point and probabilistic forecasters, respectively. In addition, we demonstrate its
effectiveness in diverse scientific settings — including infectious-disease forecast-
ing, macroeconomic modeling, carbon-flux prediction, and runoff simulation —
where the model matches or surpasses specialized methods developed for each
domain. These results show that a single pretrained model can capture structure
shared across temporal systems. Importantly, our work lays a foundation toward
a transition from task-specific forecasting to generalist forecasting systems across
scientific and industrial domains.

Keywords: multivariate, time series forecasting, foundation models, transformers

1 Introduction

Many natural and human-centric systems evolve as coupled processes. For example,
epidemics spread across interconnected populations [1], economic indicators co-evolve
through complex causal relationships [2], ecosystems exchange energy and carbon
through linked feedback systems [3], and weather events drive river runoff across
hydrological basins [4]. These phenomena are typically observed as collections of time
series, whose joint evolution encodes the underlying dynamics of the system. Accu-
rate forecasting of this temporal data is central to decision-making across disciplines
ranging from public health to macroeconomics to energy systems to earth sciences.
Despite decades of progress, forecasting approaches remain largely application-
specific due to the heterogeneity of temporal patterns and task characteristics —
including varying granularities, context lengths, missing values, and diverse multivari-
ate interactions. Classical statistical models [5] effectively capture simple temporal
structure, but struggle to leverage large-scale datasets or jointly model many related
variables. Modern machine learning methods [6-8] can represent more complex
dynamics, yet typically require task-specific training and careful tuning for each
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dataset. In contrast, recent time series foundation models (TSFMs) enable zero-shot
forecasting on unseen datasets through large-scale pretraining [9-12]. However, most
TSFMs still treat each time series in isolation [9, 10], which prevents them from
capturing the multivariate interactions that characterize real-world systems.

To address the aforementioned limitations, we introduce Chronos-2, a multivari-
ate foundation model that forecasts collections of time series in a zero-shot manner.
Central to our approach is in-contezt learning (ICL): rather than fitting parameters
separately for each task, Chronos-2 infers multivariate dependencies directly from
historical context at inference time. A group-attention mechanism enables informa-
tion aggregation across arbitrary sets of target time series (the primary variables
to be forecasted) and heterogeneous covariates (auxiliary variables that provide pre-
dictive context), which supports their joint forecasting. Chronos-2 is pretrained on
a mixture of real-world univariate time series and synthetic multivariate processes
spanning diverse instantaneous and lagged dependencies to encourage generalization
across domains.

We evaluate Chronos-2 on comprehensive forecasting benchmarks, where it out-
performs state-of-the-art models, i.e., task-specific statistical and machine learning
methods, and existing TSFMs, without any task-specific training. Chronos-2 is also
50x and 1000x faster than the best task-specific point and probabilistic forecasters; it
can process 100 time series in 0.8 seconds on a mid-range NVIDIA A10G GPU. Addi-
tionally, Chronos-2 can be deployed on standard CPU hardware without specialized
accelerators due to its lightweight size of 120M parameters. Lastly, we demonstrate the
generalization of the model across scientific applications — infectious-disease dynam-
ics, macroeconomic forecasting, ecosystem carbon-flux prediction, and hydrology —
where it produces accurate probabilistic forecasts and often matches or surpasses
specialized models used in these domains.

To summarize, our results suggest that the dynamics of complex temporal systems
can be inferred directly from contextual observations using a single pretrained model.
This work shifts the focus of the forecasting field from dataset-specific model fitting
toward contextual inference over interacting time series.

2 A unified architecture for multivariate temporal
dynamics

Chronos-2 is a unified foundation model for zero-shot forecasting across univariate and
multivariate time series problems (Figure 1). The method has four central components:
(i) an encoder-only Transformer [13] that alternates temporal attention with group
attention to infer dependencies among related series; (ii) a flexible inference procedure
dictated by group assignments; (iii) a tokenizer that maps targets and covariates
into normalized patch sequences; (iv) a pretraining recipe based on heterogeneous
forecasting tasks and a quantile-regression objective (see Methods for specific technical
details). We discuss the training corpus that combines real univariate time series with
synthetic multivariate systems in Section 3.

Chronos-2 adopts the Transformer architecture [13] — specifically, a 120M-
parameter encoder-only model derived from the T5 architecture [14] — as its core
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Fig. 1: The complete Chronos-2 pipeline. (a) Architecture overview: Input time
series (targets and covariates) are first normalized (scaling) and then tokenized for
downstream processing. The Transformer stack alternates between time and group
attention layers. The output from the Transformer stack is mapped to quantile pre-
dictions through a neural network. The figure illustrates two multivariate time series
with one known (future) covariate each, with corresponding groups highlighted in
cyan and pink. (b) Tokenization: Meta features are appended to the time series which
indicate the position of an observation (time index) and whether it is missing (mask).
Time series and meta features are split into non-overlapping patches and mapped to
high-dimensional embeddings via a neural network. (c¢) Attention layers: Each Trans-
former block alternates between time and group attention layers: the time attention
layer aggregates information across patches within a single time series, and the group
attention layer aggregates information across all series within a group at each patch
index. A group is a flexible notion of relatedness and may correspond to a single time
series, multiple series sharing a source or metadata, variates of a multivariate series, or
targets along with associated covariates. The group attention layer enables the model
to infer relationships between different time series in the group based on the available
context at inference time (in-context learning).

computational building block. Transformers use the attention mechanism to selectively
aggregate information based on underlying relationships. Chronos-2 employs atten-
tion along two dimensions: the time attention layer aggregates information along the
temporal axis within each series, and the group attention layer aggregates information
across related series at a shared time index.

Group attention allows Chronos-2 to model complex relationships between groups
of time series. Here, a group is a flexible notion of relatedness that enables diverse
downstream forecasting scenarios. Changing group identities allows the model to
seamlessly switch between univariate and multivariate forecasting modes at inference
time.

Time series foundation models need the flexibility to handle real-world data
formats, e.g., differing scales, covariate types and missing values. To stabilize the het-
erogeneous scales encountered in practice, Chronos-2 represents targets and covariates
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in a common token space where each input dimension is normalized using historical
statistics. Additionally, future values of certain covariates (e.g., planned events or hol-
idays, promotions or weather forecasts) are known in advance and can be useful in
several forecasting scenarios. Chronos-2 integrates these known covariates by taking
both the historical context and the future horizon of each time series as input. We use
a binary mask to indicate unknown future values (targets and past-only covariates),
which are zero-filled. This masking strategy also accommodates missing values, which
are ubiquitous in scientific and industrial forecasting.

Chronos-2 splits the time series into non-overlapping patches to improve memory
usage and inference speed [8, 10, 11]. The patches are embedded via a neural network
into a sequence of high-dimensional vectors for processing. Importantly, Chronos-2
decodes multiple forecast patches in a single forward pass rather than relying on
expensive, autoregressive step-by-step generation. This patch-based design enables
the model to process long contexts and horizons, handling up to 8,192 historical time
steps and predicting up to 1,024 future steps at once, while remaining efficient enough
to run on consumer-grade GPUs or standard CPU machines.

Lastly, Chronos-2 is probabilistic by design to support reliable downstream
decision-making. A quantile head outputs a set of quantiles rather than a single point
estimate, which enables probabilistic forecasts without imposing a strict parametric
form (e.g., a normal distribution) on the predictive distribution. Quantile regres-
sion [15, 16] captures distributions with complex or multimodal shapes. The inclusion
of extreme quantiles (0.01 and 0.99) improves the coverage of rare events, which is
critical in scientific applications [17].
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Fig. 2: Generation of multivariate synthetic training data. We generate
multivariate synthetic time series by applying random transformation functions
to time series sampled from univariate generators. Univariate generators produce
diverse temporal patterns to serve as the building blocks for multivariate data.
These include: (a.1) KernelSynth [9], which draws samples from Gaussian processes
defined by the random composition of basic kernels (e.g., linear, periodic); (a.2)
Trend-Seasonality-Irregularity (TSI), which stochastically combines structural com-
ponents; and parametric simulations using random (a.3) Autoregressive (AR) and
(a.4) Exponential Smoothing (ETS) processes. (b.1) Instantaneous transformations
impose coupling between variables without time delays. A mixing function transforms
univariate samples at each time step. We employ (b.2) random linear operators (e.g.,
random dense, spare, sign or aggregation matrices) and (b.3) non-linear mappings via
random Multi-Layer Perceptrons (MLPs) to simulate complex static dependencies.
(c.1) Sequential transformations introduce time-delayed relationships between time
series. A random function maps a look-back window of univariate series to multivari-
ate outputs. We generate (c.2) linear lead-lag relationships via a Temporal Causal
Model, which samples sparse directed edges across time and variates (simulating Vec-
tor Autoregression), while (c.3) non-linear dynamic correlations are introduced via
random Recurrent Neural Networks (RNNs).
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In addition to the model architecture, the pretraining data plays an important role
when developing a foundation model [18, 19]. While recent efforts have expanded the
availability of large-scale time series datasets, they remain primarily univariate [9, 11].
To overcome this limitation, we developed a scalable pipeline for generating syn-
thetic multivariate data that covers a comprehensive space of temporal patterns and
interactions. We trained Chronos-2 on this dataset to equip it with the capability to
understand multivariate interactions through ICL.

Our generation process mimics the complexity of real-world systems by hierar-
chically composing simple signals into complex interactions. We begin by sampling
univariate time series from a diverse suite of generators (Figure 2a), ranging from
structural models that capture trends and seasonality [20] to stochastic processes, e.g.,
exponential smoothing [21] and Gaussian processes [9]. These act as the fundamental
building blocks, which provides a rich variety of univariate temporal dynamics.

We construct multivariate time series by coupling these univariate time series
through two distinct interaction mechanisms: instantaneous and sequential.

Instantaneous interactions commonly occur in real-world applications, e.g., mul-
tiple sensors in a machine responding to a load change or retail sales across different
store locations responding to the same holiday or weather event. These interactions
introduce relationships among time series where there is no time delay. To capture
these dynamics, we apply transformations across the univariate series at the same time
step (Figure 2b). We model linear dependencies using mixing matrices to generate
dense or sparse correlations. Non-linear interactions are synthesized via multi-layer
perceptrons (MLPs) that map concurrent observations to a new multivariate space,
creating non-linear relationships between variables at each time step.

Sequential interactions also occur in real-world systems, e.g., infection rates lead-
ing to hospitalization spikes or marketing spending preceding sales growth. These
interactions often exhibit time-delayed relationships, where an event in one variable
triggers a response in another after a specific duration. To capture these dynamics,
we introduce lagged dependencies using two distinct mechanisms (Figure 2¢). For lin-
ear temporal relationships, we synthesize Vector Autoregressive (VAR) processes [22]
based on randomly sampled causal graphs by explicitly defining which variables drive
others over time. For non-linear temporal dynamics, we apply Recurrent Neural Net-
works (RNNs) [23, 24] to the univariate history to create systems where the future
evolution depends on complex, history-dependent interactions between variables that
cannot be captured by simple linear lags.

In summary, we scale up pretraining data and introduce multivariate relationships
through multivariate synthetic data generation. We train Chronos-2 on this corpus to
enable it to infer the relationship between time series from the available context and
react to them at inference time.
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Fig. 3: Evaluation of Chronos-2 on time series forecasting benchmarks (best
viewed in color on a screen). Performance is evaluated using the Mean Absolute Scaled
Error (MASE) and Scaled/Weighted Quantile Loss (SQL/WQL) for point and prob-
abilistic forecasts, respectively. The Win Rate measures the proportion of pairwise
comparisons where a model outperforms competitors, while the Skill Score reflects
the average percentage improvement over a Seasonal Naive baseline. Dark purple
bars denote Chronos-2 in univariate mode (group attention disabled); light purple
segments highlight the performance gain attributed to in-context learning (ICL) via
group attention. Error bars indicate 95% confidence intervals obtained through boot-
strapping. (a) Results on fev-bench (n = 100 tasks), a rigorous benchmark where 68
tasks involve multivariate dependencies. Chronos-2 outperforms all baselines, includ-
ing statistical ensembles, tree-based methods, task-specific deep learning models, and
existing foundation models, while maintaining fast inference speed; Wilcoxon signed-
rank test p < 107° against all baselines (see Tables 2 and 3 in the Appendix for results
in tabular format and Table 4 for the p-values). (b) Results on Chronos-Bench-II
(n = 27 tasks) and GIFT-Eval (n = 97 tasks), which focus primarily on univariate
forecasting. Chronos-2 outperforms or ties state-of-the-art methods; notably, enabling
ICL yields performance improvements even in these univariate settings by retrieving
patterns across related series. n.s. indicates that the performance difference relative
to Chronos-2 is not statistically significant (p > 0.05) based on the Wilcoxon signed-
rank test; see Tables 5, 6, 8 and 9 in the Appendix for results in tabular format and
Tables 7 and 10 for the p-values.

4 Zero-shot generalization across benchmarks

We assess the performance of Chronos-2 on fev-bench [25], a comprehensive bench-
mark comprising 100 forecasting tasks designed to evaluate time series models in a
standardized setting. The fev-bench benchmark contains tasks spanning domains
such as energy, retail, cloud computing, economics, healthcare, and mobility. It empha-
sizes real-world heterogeneity with 68 of the tasks involving multivariate dependencies.
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These tasks require the model to handle multiple co-evolving target variables, past-
only and known (future) covariates, and diverse data types (numeric, boolean, and
categorical), often in the presence of missing values. To complement this multivari-
ate focus, we also evaluated Chronos-2 on Chronos-Bench-II [9] and GIFT-Eval [26],
which are two established benchmarks comprising 27 and 97 primarily univariate
tasks, respectively.

We benchmarked Chronos-2 against a diverse spectrum of forecasting meth-
ods, including statistical models (AutoETS, AutoARIMA, AutoTheta, and their
ensembles) [5, 27], tree-based methods (Light GBM [28], CatBoost [29]), task-specific
deep learning models (DeepAR [6], TFT [7], PatchTST [8]), and state-of-the-art
TSFMs (TiRex [30], TimesFM-2.5 [10], Toto-1.0 [12], Moirai-2.0 [31], and TabPFN-
TS [19, 32]). Chronos-2 and other foundation models are pretrained and used directly
without fitting on individual tasks in the benchmarks (zero-shot inference).

We evaluated the performance using Mean Absolute Scaled Error (MASE) for
point forecasting and Scaled/Weighted Quantile Loss (SQL/WQL) for probabilistic
forecasting. We report two complementary metrics: the win rate, representing the
proportion of pairwise comparisons, where a model outperforms its competitors, and
the skill score, which reflects the average percentage improvement over a baseline
(Seasonal Naive).

Figure 3(a) illustrates the strong performance of Chronos-2 on fev-bench. The
model establishes a new state-of-the-art by achieving an absolute MASE (SQL) win
rate increment of 41.6 (47.8) percentage points over the best statistical model (Statis-
tical Ensemble), 34.4 (56.7) over the best tree-based method (CatBoost), 41.8 (40.7)
over the leading deep learning model (TFT), and 10 (8.3) over the strongest TSFM
baseline (TiRex). On MASE (SQL) skill scores, Chronos-2 yields improvements of 11.8
(15.1) percentage points over the best task-specific model (CatBoost/TFT) and 5.2
(4.7) over the strongest TSFMs (TimesFM-2.5/TiRex). Notably, Chronos-2 achieves
this accuracy while maintaining high throughput, with an average runtime of less
than 1 second per 100 time series on an A10G GPU. These results also demonstrate
the gains attributable to in-context learning: enabling group attention yields abso-
lute improvements of 10.7 percentage points in the win rate and 4.1 in the skill score
compared to univariate inference.

Lastly, we demonstrate that in addition to its multivariate capabilities, Chronos-
2 is also effective at univariate forecasting. Figure 3(b) shows that Chronos-2 leads
on both Chronos-Bench-II and GIFT-Eval. These benchmarks stress distinct capa-
bilities: Chronos-Bench-II focuses on short-history tasks, and GIFT-Eval focuses on
long-context and long-horizon prediction. Interestingly, enabling in-context learning
yields improvements even on these univariate tasks. This effect is particularly pro-
nounced on Chronos-Bench-II. These results suggest that when historical data is
scarce, the group attention mechanism allows the model to “cross-learn” and stabilize
predictions by retrieving relevant patterns from other time series.
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Fig. 4: Qualitative analysis of in-context learning (best viewed in color on a
screen). Probabilistic forecasts show the 10% to 90% quantile range; bar charts show
MASE and SQL forecast errors per time step. (a) Retail sales forecasting: univariate
inference versus in-context learning with covariates including promotions, customer
traffic, and holiday indicators. Covariates are shown in the lower panels. (b) Regime
change: store closure at different positions relative to the forecast horizon. The top
and bottom rows show the same series with different forecast origins, so that the clo-
sure falls within the forecast horizon (top) or entirely within the historical context
(bottom). (c) Scenario analysis with simulated future covariates: promotion intensity
(top four panels) and customer count trajectories (bottom panel) varied across hypo-
thetical trajectories. (d) Energy load forecasting: univariate, past-only covariates, and
full covariates (air temperature, dew temperature, sea-level pressure). The three rows
show progressively more covariate information available to the model.

5 Qualitative analysis on in-context learning

Here, we aim to understand the mechanisms driving the strong performance on the
quantative benchmarks, which requires taking a deeper look at how the model utilizes
context. In particular, we present a qualitative analysis of scenarios from the retail and
energy domains to demonstrate how in-context learning allows the model to under-
stand multivariate interactions, respond meaningfully to counterfactual scenarios, and
resolve ambiguity during regime shifts.

In several forecasting tasks, the target variable is heavily modulated by exter-
nal factors. Figure 4(a) compares Chronos-2 in univariate mode against its default

10
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in-context learning-based multivariate mode on a retail sales task from fev-bench.
While the univariate model captures the level of the time series, it fails to anticipate
fluctuations tied to external drivers such as promotions and holidays. By conditioning
on these covariates via in-context learning, the multivariate model aligns closely with
the ground truth, which results in sharpened prediction intervals and reduced error
metrics.

A critical challenge in forecasting is handling regime changes — abrupt transitions
between distinct behavioral states, such as store closures or system failures [33, 34].
Observable covariates often carry information about the latent regime state, which
enable covariate-driven regime identification [35, 36]. Figure 4(b) illustrates how
Chronos-2 exploits this principle: observed covariates allow it to identify regimes that
are invisible to a univariate model. In scenarios where a store closes for an extended
period, a univariate model is unaware of the cause of the zero-sales period, which
results in inflated uncertainty. In contrast, Chronos-2 leverages the “Open” covariate
to disambiguate the context. The group attention mechanism correctly identifies the
closure regime, maintains tight confidence intervals during the inactive period, and
anticipates the reopening at the boundary. This demonstrates the ability of Chronos-2
to leverage covariates to switch effectively between dynamic modes.

In addition to passive conditioning, we can also probe the model’s understanding
of the dynamics by feeding it hypothetical future covariate trajectories. Figure 4(c)
visualizes this by modifying the promotion schedule for a retail sample. When the
promotion activity is set to zero (no promo), the forecast settles to the baseline lower
bound; when the promotion is set to high, the forecast shifts to the upper bound.
Notably, when tested with an always-on promotion schedule — a scenario never seen
in the history — the model predicts high sales but significantly widens its uncer-
tainty bands. The model behavior reflects its epistemic uncertainty when forced to
extrapolate to out-of-distribution conditions.

Chronos-2 can also use past-only drivers, such as customer counts, to simulate
different scenarios where we do not know the future values of the covariate. While
typically unavailable at forecast time, we can provide the model with synthetic future
trajectories (stable average, 20% increased and 20% decreased) to simulate poten-
tial business scenarios. The model produces coherent forecasts, where sales volume
tracks the simulated footfall intensity. This indicates that Chronos-2 has internalized
the structural coupling between footfall and sales, which allows it to function as a
forecaster and a simulator for strategic planning.

Finally, real-world deployment often involves scenarios where future values of cer-
tain covariates are unavailable. Figure 4(d) analyzes an electricity load forecasting task
under varying information availability. We see that while known (future) covariates
provide the highest accuracy, Chronos-2 extracts significant signal even from past-only
covariates, which results in reduced error metrics compared to the univariate baseline.
This shows the model can leverage historical covariate information to inform future
dynamics of the target variable, yielding improvements over univariate forecasting.
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6 Case studies

In this section, we apply Chronos-2 to various scientific problems — infectious disease
dynamics, consumer price index forecasting, carbon flux prediction, and rainfall-runoff
simulation. For each case study, we adopt the rigorous evaluation protocols of the
respective discipline. In particular, we compare Chronos-2 directly against the spe-
cialized models and operational ensembles typically employed by domain experts. In
addition, we report performance using the standard metrics of each field — e.g., the
Weighted Interval Score in epidemiology or the Nash—Sutcliffe Efficiency in hydrol-
ogy — to ensure our results are directly interpretable within the context of the
domain-specific literature.

6.1 Epidemiology: Infectious disease dynamics

Accurate forecasting of acute respiratory infection (ARI) and influenza-like illness
(ILI) is fundamental to public health preparedness, guiding resource allocation and
intervention strategies during peak transmission periods [37]. We leveraged data from
the ECDC RespiCast Hub [38], a collaborative platform that aggregates predictions
from independent modeling teams to support decision-making at the European Centre
for Disease Prevention and Control.

We benchmarked the zero-shot performance of Chronos-2 against the RespiCast
Hub-Ensemble [38], an established operational benchmark that synthesizes outputs
from diverse epidemiological approaches ranging from mechanistic compartmental
models (SEIR) to statistical baselines. Following the official evaluation protocol, we
employed the relative Weighted Interval Score (WIS) to assess the quality of proba-
bilistic forecasts [39]. This comparison is inherently demanding, as the Hub-Ensemble
benefits from the “wisdom of the crowd” and creates a consensus from multiple
domain-specific and statistical signals [40].

Chronos-2 achieves competitive short-term forecasting performance solely by ana-
lyzing historical incidence trajectories (Figure 5(a)). This suggests that it effectively
captures the statistical patterns characteristic of viral transmission without explicit
knowledge of pathogen biology or social mixing patterns. Importantly, Chronos-2
surpasses the performance of the Hub-Ensemble at longer forecast horizons, espe-
cially in the case of ARI incidence. The in-context learning mechanism yields further
gains here: by jointly predicting incidence rates across European nations, the model
leverages cross-country correlations, thereby refining the forecast for the entire conti-
nent. These results suggest that general-purpose foundation models can complement
specialized epidemiological modeling. Rather than replacing mechanistic approaches,
Chronos-2 offers a rapidly deployable, high-quality option that can enhance existing
ensembles, particularly in scenarios where specialized modeling teams are scarce or
require significant lead time for calibration.
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Fig. 5: Zero-shot forecasting of complex human-centric systems. (a) Fore-
casting incidence of Acute Respiratory Infection (ARI) and Influenza-Like Illness (ILI)
across 31 European countries. Performance is evaluated using the Weighted Interval
Score (WIS) relative to a simple quantile baseline provided by RespiCast [38], cal-
culated as logy (WIShaseline/ WISmodel); values greater than 0 indicate improvement
over the baseline. Plots show the median relative WIS (solid lines) and 95% con-
fidence intervals (shaded bands) over 67 rolling evaluation windows (Oct 2024-Jan
2026). In univariate mode (U), Chronos-2 is competitive at short horizons (1 week)
against the operational RespiCast Hub-Ensemble (a consensus of mechanistic and sta-
tistical models). At longer horizons (> 1 week), Chronos-2 significantly outperforms
the ensemble, with in-context learning yielding further gains by exploiting cross-
country correlations (Wilcoxon signed-rank test p < 0.001). (b) Joint forecasting of
German Consumer Price Index (CPI) components (2021-2025). Performance is mea-
sured by the Root Mean Squared Error (RMSE) relative to a Seasonal Naive baseline,
logs (RMSEpaseline/RMSE0del)- While univariate inference (U) performs compara-
bly to robust statistical baselines, enabling in-context learning significantly improves
accuracy by leveraging shared structural patterns within CPI groups. Pairwise com-
parisons (right) confirm that Chronos-2 outperforms the strongest baseline (AutoETS)
on the majority of item-window pairs (Wilcoxon signed-rank test p < 0.001 for both
3-month and 12-month horizons).
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6.2 Macroeconomics: Consumer price index forecasting

Forecasting the components of the Consumer Price Index (CPI) is fundamental to
the conduct of monetary policy [41]. Challenges in macroeconomic forecasting include
lower frequency (monthly) data, limited historical samples, and significant signal-
to-noise challenges. In this regime, complex machine learning models frequently fail
to generalize, often underperforming simpler statistical baselines [42]. Methods such
as ARIMA and ETS are often difficult to surpass, as they capture trends without
overfitting to short-term volatility [5].

Here, we tackle the challenging problem of jointly forecasting its granular compo-
nents, where existing literature has typically focused on predicting headline inflation
as a single aggregate. We evaluate Chronos-2 on the German CPI, decomposed into
110 product groups at Level 4 of the COICOP standard — a granularity sufficient to
isolate sector-specific drivers while smoothing idiosyncratic item-level noise.

The challenge of achieving performance gains in this regime is evident in
Figure 5(b), which illustrates the tight performance margins among methods.
Chronos-2 in univariate mode performs comparably against robust statistical base-
lines (AutoARIMA, AutoETS, and DynOptTheta). In-context learning significantly
improves the model’s capability. Rather than processing the 110 components individ-
ually, ICL jointly forecasts items within each Level 2 COICOP group (e.g., “Food and
non-alcoholic beverages”), exploiting natural clusters of economically related prod-
ucts. As shown in the pairwise comparisons, Chronos-2 (ICL) consistently outperforms
AutoARIMA and AutoETS, achieving significantly lower errors on the majority of
items (Wilcoxon signed-rank test p < 0.001) at both 3-month and 12-month horizons.
These results show that foundation models yield gains even in regimes traditionally
dominated by classical statistical models.

6.3 Earth Science: Carbon flux prediction

Eddy-covariance networks provide the observational backbone for understanding
land—atmosphere feedbacks and the terrestrial carbon cycle. We evaluated Chronos-2
on the prediction of Net Ecosystem Exchange (NEE) and turbulent energy fluxes —
Latent Heat (LE) and Sensible Heat (H) — using the standardized FLUXNET col-
lection [43]. While traditional methodologies focus on gap-filling (imputing missing
historical data) [44], we address the problem of forecasting fluxes based on meteorolog-
ical drivers. These forward-looking estimates have broad operational utility, ranging
from optimizing irrigation in precision agriculture to monitoring natural vegetation
stress under increasing atmospheric aridity [45].

We structured this problem as a daily multivariate forecasting task, using air tem-
perature (TA), incoming shortwave radiation (SW_IN), and vapour pressure deficit
(VPD) as covariates. We focused on the boreal summer (June-August 2020), the peak
period of biological activity and surface-atmosphere exchange. Chronos-2 operates
entirely zero-shot, whereas conventional baselines are fully supervised, trained on all
available historical observations prior to the test period. As the supervised baseline,
we selected XGBoost [46] which is a standard in flux modeling [44]. To reflect common
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Fig. 6: Ecosystem carbon and energy flux prediction with Chronos-2. We
evaluate the performance of Chronos-2 on daily eddy-covariance targets from the
FLUXNET collection [43]. (a) Comparison of the distribution of site-level RMSE
across 65 sites for net ecosystem exchange (NEE), latent heat flux (LE), and sensi-
ble heat flux (H) over the June—August 2020 evaluation window between supervised
regression baselines (XGBoost, trained either as a single pooled model across sites or
as site-specific models) and Chronos-2 in zero-shot mode. Box plots show the median
(center line), interquartile range (box limits), and 1.5 interquartile range (whiskers);
points denote outliers. (b) Representative summer time series at IT-MBo, showing
observed fluxes (black) and Chronos-2 predictions from the meteorological covari-
ates with 10-90% prediction intervals (red shaded); the corresponding covariates (TA,
SW_IN and VPD) are shown below. (¢) Rolling one-month-ahead forecasting over
the full year 2020. For each evaluation month, models condition on the preceding
12 months of context and predict the subsequent month (step size: 1 month). Bars
report normalized RMSE (RMSE divided by the target standard deviation) stratified
by prediction month for Chronos-2 and XGBoost, highlighting seasonal variations in
predictability across NEE, LE, and H.

modeling choices in heterogeneous multi-site datasets, we considered both a pooled
XGBoost model (trained across all sites) and site-specific variants.

Figure 6(a) shows that Chronos-2 with covariates (ICL) achieves the lowest RMSE
distributions across NEE, LE, and H (Wilcoxon signed-rank test p < 0.01) without
requiring any domain-specific training. ICL clearly outperforms Chronos-2 in univari-
ate mode (U) implying that the model effectively leverages meteorological forcing
rather than relying on only autoregression. Qualitatively, Chronos-2 demonstrates
an understanding of physical coupling between meteorological forcing and surface
exchange; for instance, it correctly predicts increases in latent heat flux during periods
of high shortwave radiation, which is consistent with the fundamental principles of sur-
face energy balance where evapotranspiration is constrained by available energy [47].
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Lastly, error stratification by month (Figure 6¢) reveals consistent seasonal predictabil-
ity without requiring training or calibration compared to its task-specific counterpart.
Collectively, these results demonstrate that a generalist foundation model can gener-
ate physically meaningful and uncertainty-aware ecosystem forecasts that outperform
strong supervised regressors.

6.4 Hydrology: Rainfall-runoff simulation
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Fig. 7: Rainfall-runoff simulation using Chronos-2. Performance is evaluated
using the Nash—Sutcliffe Efficiency (NSE), where a score of 1.0 represents perfect
correspondence between simulated and observed discharge. (a) Top: Distribution of
NSE scores across 1,582 catchments in the CAMELS-DE dataset. The zero-shot
Chronos-2 (ICL) model achieves a median NSE of 0.68, significantly outperform-
ing univariate inference (Chronos-2 (U), NSE=0.15) by leveraging meteorological
covariates. While the domain-specific LSTM ensemble achieves higher performance
(NSE=0.90), fine-tuning Chronos-2 (FT), bridges this gap, matching state-of-the-art
performance without ensembling, access to static attributes, or training on the NSE
metric. Box plots show the median (center line), interquartile range (box limits), and
1.5x interquartile range (whiskers). Bottom: Exceedance probability curves showing
the cumulative proportion of basins (y-axis) achieving an NSE score greater than or
equal to a specific threshold (x-axis). The fine-tuned model closely tracks the reliabil-
ity profile of the LSTM ensemble. (b) Hydrograph for a single catchment (DE110180)
over one year. The zero-shot prediction (top) captures the relationship between rain-
fall and runoff but exhibits high uncertainty (shaded region denotes 10-90% prediction
interval). Fine-tuning (bottom) tightens the predictive distribution, accurately mod-
eling the discharge.

Rainfall-runoff simulation is a central problem in hydrology, which is critical for
reservoir management, flood forecasting, and climate resilience. It studies how rainfall
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over a watershed is transformed into surface runoff (streamflow) at the basin outlet [4].
We evaluated Chronos-2 for this problem on the CAMELS-DE dataset [48], a high-
quality benchmark providing hydro-meteorological time series for 1,582 catchments
across Germany.

To contextualize performance, we compared Chronos-2 against two domain-specific
standards: the HBV model [49], a conceptual physical model calibrated individually
for each catchment, and a state-of-the-art LSTM ensemble [50], which represents the
current upper bound in hydrological deep learning. The LSTM baseline is trained
on data from all catchments to predict the discharge using precipitation, radiation,
temperature, and static catchment attributes (e.g., soil texture, elevation) as inputs.

Figure 7(a) presents the distribution of Nash—Sutcliffe Efficiency (NSE) scores [51],
a metric commonly used to evaluate rainfall-runoff models. Remarkably, Chronos-2
(with ICL) achieves a median NSE of 0.68. Without ever seeing a hydrograph during
training, the model successfully identifies the relationship between precipitation events
and streamflow response. This performance is starkly superior to univariate inference
(median NSE = 0.15), confirming that the model is actively leveraging meteorological
covariates rather than simply autoregressing on historical discharge.

While zero-shot performance lags behind the highly specialized baselines, Chronos-
2 provides viable hydrological forecasts instantly, without the training or calibration
these baselines require. Lightweight fine-tuning on CAMELS-DE data effectively
bridges this gap, with Chronos-2 matching the performance of the state-of-the-art
LSTM ensemble — despite using a single model without static catchment attributes or
the NSE objective function. Figure 7(b) illustrates this progression: in zero-shot mode,
the model captures the general shape of discharge but exhibits high uncertainty; after
fine-tuning, the predictive distribution tightens around the ground truth, effectively
learning the rainfall-runoff relationship. This demonstrates Chronos-2’s flexibility as
both an immediately useful generalist and a robust initialization for specialist models.

7 Conclusion

In this work, we introduced Chronos-2, a time series foundation model designed to
handle a wide range of forecasting scenarios — both univariate and multivariate —
in a zero-shot manner. Chronos-2 marks a shift from fitting parameters to inferring
dynamics. Unlike traditional approaches that require training bespoke models for
every dataset, Chronos-2 implicitly infers coupled dynamics purely from historical
context. By training extensively on multivariate synthetic data, we demonstrated
that the fundamental grammar of temporal variation can be learned and transferred
to real-world complexity, effectively bridging the gap between domains ranging from
hydrology to macroeconomics. Chronos-2 democratizes access to advanced forecasting
by eliminating the barrier of training task-specific models, offering a versatile tool for
understanding the coupled dynamics of the world.

Building on this framework, future development of Chronos-2 can expand along
several critical dimensions. First, scaling the diversity of the synthetic pretraining
corpus — e.g., by incorporating outputs from domain-specific simulators — can fur-
ther enhance zero-shot generalization for highly complex dynamics. Second, while the
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current architecture natively handles time-varying covariates, integrating static meta-
data (e.g., soil composition or demographic profiles) is an important frontier. This
capability is vital for extreme cold-start scenarios, e.g., the grand challenge of pre-
diction in ungauged basins (PUB) in hydrology, where streamflow must be inferred
entirely from meteorological drivers and static basin properties without historical tar-
get data. In addition, since critical exogenous signals are often qualitative (e.g., central
bank statements or epidemiological reports), extending the model to support multi-
modal natural language inputs is a promising direction. As these foundation models
assume a larger role in science and decision-making, advancing their interpretability
is also essential. This includes exploring methods to extract explicit causal graphs or
coupling mechanisms directly from the model’s internal representations. Lastly, the
universal temporal representations learned by Chronos-2 hold immense potential for
broader downstream applications beyond forecasting, including anomaly detection,
classification, and clustering.
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Methods

Problem statement

Time series forecasting aims to predict future values of a temporal sequence given his-
torical observations. Formally, let Y7.7 = [y1,...,yr] denote a historical time series
of length T, where each observation y, € RP can either be univariate (D = 1) or mul-
tivariate (D > 1). Given this historical context, the goal is to predict the next H time
steps Yri1.7+1, where H defines the forecast horizon. Forecasts may be supported
by covariates (also known as exzogenous variables) X1.7+mg = [®1,..., @74+ H], where
x; € RM represents additional information that can span both historical (t < T)
and future (¢ > T') time steps. The task itself can be defined as either point fore-
casting, where the objective is to predict a single future value at each time step, or
probabilistic forecasting, where the objective is to estimate the conditional distribu-
tion P(Yr4+1.7+m1 | Yi.7, X1.74+1) in order to capture forecast uncertainty. Zero-shot
forecasting refers to the setting in which a model generates forecasts for a previously
unseen time series datasets without requiring any additional training, adaptation, or
fine-tuning.

Chronos-2 architecture

Chronos-2 is a 120M parameter encoder-only transformer [13] model which closely fol-
lows the design of the T5 encoder [14]. In the following, we discuss the key architectural
components of the Chronos-2 pipeline.

Input construction

The model operates on two inputs derived from the target Y;.r and covariates

Xi.7+m. We concatenate all historical values into V' = [vy,...,vr], where each
v; € RPTM consists of the target observation g; and the corresponding covariate
vector @;. Similarly, we define the future values as W = [wr41,...,wr, g, where

w; € RPTM contains known (future) covariate values &; when available, while the
entries corresponding to targets and past-only covariates are set to missing values.

Categorical covariates in X7.p4 g are transformed into real-valued representations
before being concatenated into V' and W. For univariate targets, we apply target
encoding [52, 53], which maps each category to a numerical value based on its rela-
tionship with the target. For multivariate targets, the model falls back to ordinal
encoding, assigning a unique integer to each category.

Robust scaling

The input values, V and W, may be at an arbitrary scale, so our tokenization pipeline
begins by normalizing the series. We adopt standardization, a widely used normaliza-
tion method in the literature, and introduce an additional step: applying the sinh™*
transformation to the standardized values. This log-like transformation further stabi-
lizes variance and reduces the influence of outliers on the objective function. Formally,
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each historical value v; 4 and the future value w; 4 are normalized as

¥y 4 = sinh ™! (Ut’d_ud> forte{1,...,T}, (1)
0d

Wi :sinh1<wt=d_“d> for t € {T+1,...,T+H}, 2)
0d

where pg and o4 are the mean and standard deviation of the historical values
[v1,d; ..., UT,4], Tespectively. Any missing values in V' are excluded when computing fig

and o4. The normalized historical yalges V and future values W are concatenated to
construct the input matrix U = [V, W] € R +H)x(D+M),

Meta features

During tokenization, each dimension of U is processed independently by the model. To
describe the tokenization procedure, consider a single column ug = [u1.4, - .., Uy H,d]T
corresponding to one target or covariate dimension d. Two additional meta fea-
tures are appended to each column: a time index and a mask. The time index
] = [—%, —%, U | RN %] encodes the relative position of each time step,
where C' is the maximum context length supported by the model. It provides explicit
information about temporal ordering to the model which is beneficial when using
patch-based inputs. The mask mg is a binary indicator equal to 1 when the value is
observed, and 0 otherwise. It serves two purposes: indicating which values are miss-
ing in the historical context and specifying which input dimensions correspond to
known (future) covariates. After construction of the mask, all missing values in ug
are replaced with zeros.

Patching and embedding

The input ug with the corresponding meta features, j and myg, are split into non-
overlapping patches of length P = 16 [8]. The context and future sections of the
time series and meta features are split into patches separately. When T and H are
not multiples of P, zero padding is applied on the left (context) or right (future).
Let up, jp, and M7, denote the p-th patches of the input, time index, and mask,
respectively. These are concatenated and mapped into the embedding space using a

residual network, f(i;1 : R3P 5 RPmoaer

hy = £ ([@ps G, )) (3)

where ¢ denotes parameters of the residual network and D461 is the hidden dimen-
sion of the transformer model. Between the patch embeddings of the context and
future, we include a special REG token which serves both as a separator token and an
attention sink [54].

Time attention

The time attention layer is the usual attention layer found in typical sequence models.
It applies self-attention along the temporal axis and aggregates information across
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patches of the same input dimension. We replace relative position embeddings used
in the self-attention layers of the original T5 model with rotary position embeddings
(RoPE) [55] which have become the de-facto standard for position embeddings in
modern transformer-based models [18].

Group attention

The group attention layer is central to enabling the in-context learning capabilities
of Chronos-2. This layer aggregates information across time series that belong to the
same group at a given patch index. A group refers to a set of related time series and
may refer to different things depending on the forecasting task.

Within a batch of size B, multiple groups of varying sizes are possible, each iden-
tified by group IDs g, a vector of length B. Internally, the group attention layer maps
these IDs to a two-dimensional attention mask, ensuring that aggregation occurs only
within groups and not across them. Since time series within a group lack a natural
ordering, the group attention layer omits positional embeddings.

Quantile head

After a sequence of alternating time and group attention layers, the embeddings of
future patches of the D target dimensions are passed through a residual block to pro-
duce the direct multi-step quantile forecast Z € RE*PxIQI By producing forecasts
for multiple target patches within a single forward pass, the model can efficiently gen-
erate predictions over long forecast horizons. Chronos-2 predicts a set of 21 quantiles
Q = {0.01,0.05,0.1,...,0.9,0.95,0.99}. Any queried quantiles falling outside this set
are obtained through linear interpolation.

Training

During training, batches are constructed to include heterogeneous forecasting tasks:
univariate forecasting, multivariate forecasting (which also covers tasks with past-only
covariates), and multivariate forecasting with known (future) covariates. Each task is
characterized by the number of target dimensions D, the number of covariates M, and
the role of each dimension (target, past-only covariate, or known covariate). A unique
group ID is assigned to each task, and the combination of group IDs g with whether
the future input W is observed allows the model to infer the specific forecasting setup.
The model is trained using the quantile regression objective

Z (q -max(z — 29,0) + (1 — ¢) - max(2? — z,O)), (4)

qeEQ

where Z? is the forecast at quantile level ¢, and z is the corresponding target value
normalized as in Eq. (1). The loss is averaged over all forecast steps and items in
the batch and is computed only on target dimensions, with entries corresponding to
known (future) covariates or missing target values excluded from the objective. The
number of output patches is randomly sampled for each batch during training.
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The model is trained in two stages using the Adam optimizer with weight decay of
0.1 and maximum gradient norm set to 1. First, the model is pretrained with a max-
imum context length of 2048, 12 maximum output patches and learning rate of 10~4.
In the second stage, the context length is extended to 8192, the maximum number of
sampled output patches is increased to 64 and the learning rate is reduced to 107°.
Longer contexts enable the model to capture long-term seasonalities in high-frequency
time series, while multi-patch outputs allow for long-horizon forecasts without relying
on heuristics.

Training data

The training corpus combines real univariate datasets (Supplementary Table 1) with
synthetic multivariate data as discussed in Section 3.

Our multivariate synthetic data generation process begins with univariate gener-
ators capable of producing a rich diversity of temporal patterns. A randomly chosen
number of time series are first sampled from these univariate generators. A function
is then applied to these univariate series to introduce correlations between them.

The set of univariate generators includes: (i) KernelSynth [9], which generates
time series using Gaussian processes (GP) by randomly combining basic kernels (such
as linear and periodic) through addition and multiplication to construct complex
composite kernels; (ii) Trend-Seasonality-Irregularity (TSI) [20], which exploits
typical time series decomposition to construct series by sampling trends, seasonali-
ties, and irregularities from a suite of predefined components and combining them
through an additive or multiplicative model; (iii) AutoRegression (AR) [56], which
constructs a random order-p autoregressive model and simulates it to generate time
series; and (iv) Exponential Smoothing (ETS) [21], which simulates time series
from a randomly constructed exponential smoothing model.

With time series sampled from the aforementioned univariate generators, we con-
struct multivariate data by applying suitable random transformation functions which
introduce instantaneous or time-delayed relationships between the time series.

Instantaneous transformations applied across the univariate series at the same
time-step. We use two types of instantaneous transformation functions: linear and
non-linear. The linear function is realized by a simple transformation matrix which
may be dense, sparse, or a sign matrix, or may encode other relationships such as
aggregation, where the number of output time series is larger than the number of input
series and the additional outputs denote summations of the input series. The random
non-linear transformation is characterized by a multi-layer perceptron (MLP), where
the number of layers, type of nonlinearities, and number of hidden units are randomly
sampled.

Time-delayed transformations are functions which take a window of the last k
time-steps from the univariate time series as inputs and are recursively applied to
yield multivariate time series with time-varying relationships. As before, we use linear
and non-linear transformation functions. The linear function is characterized by a
temporal causal model (TCM). The algorithm first selects a subset of the univariate
series as exogenous variables — they mimic external factors which affect the system
but are not affected by it. A set of edges across time and variables are then sampled to
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denote relationships, with edge weights sampled from a truncated normal distribution.
This yields the parameters of a vector autoregressive (VAR) process [22] which is then
applied to the univariate series. For non-linear time-delayed relationships, we apply a
recurrent neural network (RNN) to the univariate time series, where the number and
type of layers are randomly sampled.

Inference

Forecasts are generated by de-normalizing the model predictions Z; ; and applying

the inverse transformation of Eq. (1). Formally, the quantile head output z/, is
transformed as

¢ g = pa + 0q - sinh(Z{ ), (5)

to obtain the prediction yf’ 4 of the quantile level ¢ at time step t along the target
dimension d.

During inference, multiple time series in a batch can be grouped to solve different
forecasting tasks:

e univariate forecasting: each item in the batch is assigned a unique group ID. This
ensures that the model makes independent predictions for each time series in the
batch.

* multivariate forecasting: each variate which belongs to the same multivariate series
is assigned the same group ID with variates from different multivariate series having
distinct group IDs. This allows the model to share dynamics information between
different variates of a multivariate time series.

* forecasting with covariates: all target(s), past-only and known covariates belonging
to the same task are assigned the same group ID. The future inputs W corre-
sponding to known covariates contain their known future values. The predictions
generated by the model for covariates are ignored.

Evaluation protocol for standard benchmarks

In this section, we detail our evaluation protocol including the benchmark datasets,
baselines and metrics used in the experiments.

Benchmarks

We evaluated Chronos-2 on three established forecasting benchmarks: fev-bench [25],
Chronos-Bench-II [9], and GIFT-Eval [26]. We strictly adhered to the data splits
and evaluation protocols defined in the respective publications. fev-bench provides
comprehensive coverage of diverse real-world scenarios, comprising 100 forecasting
tasks (68 of which involve multivariate dependencies). Chronos-Bench-II, originally
proposed to evaluate early Chronos models [9], consists of 27 tasks character-
ized predominantly by short historical contexts (averaging fewer than 300 time
steps). GIFT-Eval focuses on high-frequency time series and long-horizon forecasting,
containing 97 tasks derived from 55 distinct datasets.
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Baselines

We compared Chronos-2 against a range of leading task-specific models (trained indi-
vidually on each benchmark task) and pretrained foundation models. Task-specific
baselines included statistical methods (AutoETS, AutoARIMA, AutoTheta, and their
ensemble [5, 27]), tree-based methods (LightGBM [28], CatBoost [29]), and deep
learning architectures (DeepAR [6], TFT [7], PatchTST [8]). Foundation model
baselines included TiRex [30], TimesFM-2.5 [10], Toto-1.0 [12], Chronos-Bolt [9],
TabPFN-TS [19, 32], and Moirai-2.0 [31].

Where available, we utilized reported baseline results from the original bench-
marking papers; otherwise, we reproduced results using standard libraries. Statistical
models were implemented via StatsForecast [57] (max. runtime 12 hours/task) on
AWS m6i.4xlarge instances (16 vCPUs, 64 GB RAM). Tree-based models were
implemented via MLForecast; to address sensitivity to preprocessing, we tuned dif-
ferencing, scaling, and lag transformations for each task, selecting lag/time features
via frequency-based heuristics. Deep learning models were implemented via Auto-
Gluon [58] on AWS gb.2xlarge instances (A10G GPU, 24 GB VRAM). To prevent
under-fitting, we extended the training budget to 1,000 epochs (with early stopping)
and a 24-hour maximum runtime. Task-specific models were re-trained for each eval-
uation window to account for distribution shifts. Foundation models were evaluated
using their respective official libraries on gb.2xlarge instances.

Metrics and aggregation strategy

We assessed both point and probabilistic forecasting performance. Point forecast accu-
racy was evaluated using the Mean Absolute Scaled Error (MASE), which normalizes
the mean absolute error by the historical seasonal error. For a task with N time series
and forecast horizon H, MASE is defined as:

T+H

MASE—**Z Z |yzt fzt| (6)

Y =T+1
where a; is the historical absolute seasonal error, given by:

T

1
@ =z Z Vit — Yit—ml, (7)
t=m+1

and m is the seasonal period.

Probabilistic forecast quality was measured using the Scaled Quantile Loss (SQL),
which aggregates the pinball loss across quantile levels, normalized by the same
seasonal error a;:

L1 N THH
SQLZNEZ; Z qu Yirts i) (8)
i=1 t=T+1 gq
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where fﬁt denotes the predicted quantile g for time series ¢ at time ¢, and the quantile
loss pq is defined as:

20 =) (fy —wyie)s fyie < [

. (9)
2q(yie — [, if yir > f;

Pq(Yi,t, i,t) = {

Consistent with the original benchmarking protocols, we used the Weighted Quantile
Loss (WQL) for Chronos-Bench-II and GIFT-Eval. Both SQL and WQL approxi-
mate the Continuous Ranked Probability Score (CRPS); however, unlike SQL, WQL
depends on the scale of the time series.

To aggregate results across tasks, we report average win rates (W) and skill scores
(S) following the methodology in Ref. [25]. These metrics are mathematically equiv-
alent to the average rank (R) and geometric mean relative error (G) used in prior
work [9, 26], where R = 1+ (1— 25)(N —1) and G = 1 — 125. We prefer win rates and
skill scores for their interpretability: the win rate indicates the proportion of pairwise
comparisons where a model is superior, while the skill score represents the average
percentage improvement over a baseline (here, the Seasonal Naive model). Statisti-
cal significance of Chronos-2’s performance against baselines was assessed using the
Wilcoxon signed-rank test.

Details on case studies

In this section, we provide the details for the various real-world case studies ranging
from epidemiology and macro-economics to earth sciences and hydrology.

Infectious disease dynamics

We utilized incidence data for Acute Respiratory Infection (ARI) and Influenza-Like
Hlness (ILI) spanning October 2024 to January 2026, sourced from the European Cen-
tre for Disease Prevention and Control (ECDC) via the RespiCast repository [38]. To
preclude look-ahead bias from data revisions, Chronos-2 was evaluated on historical
data snapshots, strictly adhering to the RespiCast protocol. We evaluated two config-
urations: Chronos-2 (U), a univariate mode where each country’s incidence is forecast
in isolation; and Chronos-2 (ICL), an in-context learning mode where forecasts are
generated jointly across countries. Baseline forecasts for the quantile model and the
RespiCast Hub-Ensemble were obtained directly from the RespiCast snapshots.

Consumer price index forecasting

Data for German Consumer Price Index (CPI) components were retrieved from
GENESIS-Online, the central database of the German Federal Statistical Office, on
January 19, 2026. We selected 110 components at Level 4 of the Classification of
Individual Consumption According to Purpose (COICOP) for evaluation. A rolling
window evaluation was conducted annually from 2021 to 2025, capturing the post-
COVID-19 economic recovery period. Statistical baselines were implemented using
the StatsForecast library. For Chronos-2 (U), items were forecast independently; for
Chronos-2 (ICL), items within the same Level 2 COICOP group were predicted jointly.
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Carbon flux prediction

We utilized daily eddy-covariance measurements of carbon and energy fluxes (NEE,
LE, H) alongside meteorological drivers (TA, SW_IN, VPD) from the FLUXNET
dataset [43]. Analysis was restricted to sites with high-quality (>80% quality con-
trol flag), continuous observation coverage across the context and evaluation periods.
Evaluations included a static summer window (June—August 2020) and a monthly
rolling forecast for the entire year 2020, utilizing a 12-month historical context to
predict the subsequent month. We evaluated two zero-shot configurations: Chronos-2
(U), utilizing only the isolated target flux history; and Chronos-2 (ICL), conditioned
jointly on the historical fluxes and future meteorological covariates. Supervised base-
lines consisted of pooled and site-specific XGBoost regressors [46] trained on available
historical data. Forecast accuracy was evaluated using RMSE and normalized RMSE.

Rainfall-runoff simulation

We utilized the CAMELS-DE dataset for hydrological modeling. Pre-computed sim-
ulations for the HBV and LSTM-Ensemble baselines were obtained directly from the
dataset. These baselines were calibrated on hydrometeorological data spanning 1970
to 1999. For this study, we selected the subsequent year (2000) as the evaluation
period. Chronos-2 was conditioned on historical context from 1970 to 1999 to predict
streamflow for the year 2000, utilizing precipitation, radiation, and temperature as
future covariates. To ensure fair comparison, Chronos-2 was fine-tuned on the same
1970-1999 data interval used for the baselines. Fine-tuning was performed using the
Adam optimizer with a learning rate of 10~# for 10,000 gradient update steps.

Code and data availability. The model weights are available on Hug-
gingFace at https://huggingface.co/amazon/chronos-2 under the Apache-2.0
license. A python package to run the model is available at https://github.
com/amazon-science/chronos-forecasting. The evaluation datasets are publicly
available at: fev-bench (https://huggingface.co/datasets/autogluon/fev_ datasets),
Chronos-Bench-II (https://huggingface.co/datasets/autogluon/chronos_ datasets)
and GIFT-Eval (https://huggingface.co/datasets/Salesforce/GiftEval). Evaluation
scripts are available at https://github.com/autogluon/fev and https://github.com/
SalesforceAIResearch/gift-eval.
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Dataset Name Frequencies # Time Series Domain Source
Electricity 15min, 1H, 1W, 1D 370  Energy [67]
KDD Cup (2018) 1H, 1D 270  Nature [67]
M4 (Daily) 1D 4227  Various [68]
M4 (Hourly) 1H 414  Various [68]
M4 (Monthly) M 48000  Various [68]
M4 (Weekly) 1w 359  Various [68]
Mexico City Bikes 1H, 1D, 1W 494  Transport 9]
Pedestrian Counts 1H, 1D, 1IW 66  Transport [67]
Solar 5min, 10min, 1H 5166  Energy 9]
Taxi 30min, 1H 2428  Transport [69]
Uber TLC 1H, 1D 262  Transport  [70]
USHCN 1D, 1W 225280 Nature 9]
Weatherbench 1H, 1D, 1W 225280 Nature [71]
Wiki 1H, 1D, 1W 100000  Web [9]
Wind Farms 1H, 1D 337  Energy [67]
Temperature-Rain 1D 32072  Nature [67]
London Smart Meters 30min, 1D 5560 Energy [67]
Alibaba Cluster Trace (2018)  5min, 1H 100000  Cloud Ops  [72]
Azure VM Traces (2017) 5min, 1H 100000 Cloud Ops  [72]
Borg Cluster Data (2011) 5min, 1H 100000 Cloud Ops  [72]
LargeST (2017) 1H, 1D 8196  Tramsport  [73]
Q-Traffic 15min, 1H 45148  Transport [74]
Buildings 900K 1H, 1D 100000  Energy [75]

Table 1: Real univariate datasets used for pretraining Chronos-2.
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Model Skill Score (%)  Skill Score 95% CI  Avg. Win Rate (%) Win Rate 95% CI Median runtime (s) #Failures

Chronos-2 35.5 (31.6, 39.5) 87.5 (34.5,90.1) 0.8 0
TiRex 30.0 (26.4, 33.8) 77.5  (74.1, 80.7) 0.2 0
TimesFM-2.5 30.3  (26.7, 34.2) 77.0 (72.8, 80.9) 1.9 0
Toto-1.0 282 (23.9, 32.7) 67.0 (61.9, 71.8) 22.1 0
Moirai-2.0 273 (23.3, 31.3) 614 (56.8, 65.4) 0.3 0
Chronos-Bolt 26.5 (22.5, 30.5) 61.1 (57.1, 65.1) 0.2 0
TabPFN-TS 27.6  (23.0, 32.0) 59.1 (53.8, 64.4) 88.9 2
CatBoost 237 (19.0, 28.2) 53.1  (48.1, 58.4) 46.6 0
LightGBM 224 (17.3,27.0) 49.7 (444, 55.0) 4.8 0
Stat-Ens 157 (114, 19.8) 45.9  (40.6, 51.6) 148.6 11
TFT 20.5 (15.7, 25.5) 45.7  (40.0, 51.3) 827.2 0
PatchTST 184  (13.4, 23.6) 40.5  (35.4, 45.5) 662.1 0
DeepAR 17.5  (13.6, 21.6) 38.2  (33.9, 42.8) 1113.5 3
AutoARIMA 1.2 (6.9, 15.4) 35.6 (31 ‘3‘ 40.3) 19.5 10
AutoTheta 1.0 (7.1, 14.5) 331 (29.2, 37.0) 3.2 0
AutoETS 23 (6.8, 9.4) 329 (270, 38.4) 35 3
SeasonalNaive 0.0 (0.0, 0.0) 185  (14.7, 22.3) 0.5 0
Naive 167 (-29.2, -7.5) 163 (127, 20.3) 05 0

Table 2: Point forecasting results on fev-bench. The average win rate and skill
score are computed with respect to the mean absolute scaled error (MASE) metric.
Higher values are better for both. Scores for models with failures on specific tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [25].

Model Skill Score (%)  Skill Score 95% CI = Avg. Win Rate (%) Win Rate 95% CI Median runtime (s) #Failures
Chronos-2 47.3  (42.9, 52.2) 91.5 (89.5, 93.4) 0.8 0
TiRex 426 (38.1, 47.5) 832 (80.2, 85.8) 0.2 0
TimesFM-2.5 42.3 (37 9,47.4) 79.3  (75.7, 82.6) 1.9 0
Toto-1.0 40.7  (35.8, 46.3) 721 (67.7, 76.1) 22.1 0
Moirai-2.0 39.3  (34.4, 44.5) 66.4 (62.5, 69.6) 0.3 0
Chronos-Bolt 389 (34.2,44.1) 66.1  (63.0, 69.1) 0.2 0
TabPFN-TS 39.6  (34.6, 44.7) 644 (59.9, 69.0) 88.9 2
TFT 32.2  (26.1, 38.7) 50.8  (45.4, 55.8) 827.2 0
PatchTST 30.1  (23.7, 36.9) 44.8  (40.2, 49.7) 662.1 0
DeepAR 2.1 (23.2,35.7) 437 (39.5, 48.3) 1113.5 3
Stat-Ens 20.2  (14.3, 24.8) 43.7 (391, 48.4) 148.6 11
AutoARIMA 206 (14.8, 25.9) 405 (36.6, 44.5) 19.5 10
CatBoost 23.0  (17.0, 29.8) 34.8 (308, 38.6) 46.6 0
AutoETS 2268 (-64.8, -0.6) 322 (26.7, 37.8) 3.5 3
LightGBM 217 (15.0, 28.5) 321 (27.9, 36.1) 18 0
AutoTheta 55 (-3.2,12.3) 26.9 (23.0, 30.9) 3.2 0
SeasonalNaive 0.0 (0.0, 0.0) 17.7  (15.1, 20.4) 0.5 0
Naive -45.4  (-62.9, -30.3) 9.7  (7.0,12.3) 0.5 0

Table 3: Probabilistic forecasting results on fev-bench. The average win rate
and skill score are computed with respect to the scaled quantile loss (SQL) metric.
Higher values are better for both. Scores for models with failures on specific tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [25].
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Model p-value Sig. Model p-value Sig.
TimesFM-2.5 1.68 x 10~7 oAk TiRex 1.65 x 107 HoAK
TiRex 1.31 x 10~7 oAk TimesFM-2.5 1.24 x 10—8 Ak
Toto-1.0 1.60 x 1079 ook Toto-1.0 1.27 x 10710 ok
TabPFN-TS  1.05x 10-10  %x TabPFN-TS 327 x 10-12
CatBoost 3.62 x 10712 olkx Moirai-2.0 1.30 x 10714 ek
Light GBM 1.27 x 10712 ook Chronos-Bolt 2.43 x 10715 ok
Moirai-2.0 1.36 x 10-13 o TFT 1.02 x 10715
Stat-Ens 4.44 x 10714 ek Stat-Ens 5.55 x 10716 okok
Chronos-Bolt ~ 9.63 x 10715  *%¥* AutoARIMA 247 x 10716 *¥*
TFT 9.63 x 10-15 e PatchTST 2.44 x 10~16 e
AutoETS 4.85 x 10715 ckokk DeepAR 2.39 x 10716 ke
DeepAR 1.91 x 10-15  *** AutoETS 1.04 x 10716 ***
PatchTST 1.47 x 10715 okxx AutoTheta 5.71 x 10717 *xx
AutoARIMA  1.26 x 1015 % LightGBM 459 x 10~17 e
AutoTheta 4.36 x 10716 Hxx CatBoost 4.59 x 10717 Hxx
Naive 4.61 x 10717 ok SeasonalNaive — 3.31 x 10717  *%*
SeasonalNaive  4.22 x 10717 ok Naive 3.31 x 10717 ek

(a) Point forecasting (MASE) (b) Probabilistic forecasting (SQL)
Table 4: Holm-Sidédk (HS) adjusted p values of the one-sided Wilcoxon signed rank
test comparing Chronos-2 against all baselines on fev-bench. ***p < 0.001, **p <
0.01, *p < 0.05.

Model Skill Score (%)  Skill Score 95% CI  Avg. Win Rate (%) Win Rate 95% CI
Chronos-2 26.5 (19.9, 33.7) 76.2 (66.4, 85.2)
TimesFM-2.5 23.3  (17.4,29.8) 67.3  (58.6, 75.3)
TiRex 222 (15.7, 28.9) 62.0 (54.0, 68.2)
Stat-Ens 196 (12.4, 27.4) 60.2  (47.2, 72.5)
Toto-1.0 223 (16.2, 28.5) 54.0 (44.1, 65.4)
DeepAR 184 (12.0, 24.9) 52.5  (41.0, 63.0)
TFT 192 (122, 26.1) 477 (35.2, 59.7)
Moirai-2.0 19.8 (132, 26.9) 46.6  (35.5, 59.3)
PatchTST 17.7  (10.9, 24.5) 46.1  (34.9, 57.3)
Chronos-Bolt 204 (14.7, 26.7) 457 (38.3, 52.8)
AutoARIMA 16.0 (8.5, 24.2) 414 (29.3,53.1)
TabPFN-TS 10.5 (0.7, 19.2) 38.4 (28.9,47.8)
Seasonal Naive 0.0 (0.0, 0.0) 11.9 (7.4, 17.3)

Table 5: Point forecasting results on Chronos-Bench-II. The average win rate
and skill score are computed with respect to the mean absolute scaled error (MASE)
metric. Higher values are better for both. Scores for models with failures on specific
tasks were imputed with the baseline (Seasonal Naive) score, as described in ref. [9].
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Model Skill Score (%)  Skill Score 95% CI  Avg. Win Rate (%) Win Rate 95% CI

Chronos-2 46.6  (36.3, 56.4) 75.6  (64.8, 84.9)
TiRex 417 (31.0, 52.1) 69.1  (60.5, 76.9)
TimesFM-2.5 424 (317, 52.8) 67.6  (59.6, 75.3)
Toto-1.0 41.9  (30.6, 52.4) 58.3  (47.5, 68.8)
Moirai-2.0 40.9  (28.9, 51.7) 55.2  (44.1, 66.7)
TFT 36.2  (24.9, 46.9) 51.1  (38.7, 63.9)
DeepAR 29.9 (9.9, 44.5) 494 (38.3, 60.6)
Chronos-Bolt 39.3  (29.2, 49.3) 49.1  (42.6, 55.9)
PatchTST 325 (15.8, 45.0) 48.0  (36.3, 59.9)
Stat-Ens 33.0  (22.0, 44.0) 444 (34.0, 54.6)
TabPFN-TS 32.6  (21.6, 44.2) 41.8  (32.2,51.9)
AutoARIMA 304 (18.2, 42.6) 312 (21.9, 42.6)
Seasonal Naive 0.0 (0.0, 0.0) 9.1 (4.8,13.9)

Table 6: Probabilistic forecasting results on Chronos-Bench-II. The average
win rate and skill score are computed with respect to the weighted quantile loss (WQL)
metric. Higher values are better for both. Scores for models with failures on specific
tasks were imputed with the baseline (Seasonal Naive) score, as described in ref. [9].

Model p-value Sig. Model p-value Sig.
DeepAR 0.045 * DeepAR 0.046 *
Stat-Ens 0.045 * PatchTST 0.046 *
TFT 0.045 * TFT 0.046 *
TimesFM-2.5 0.045 * TimesFM-2.5 0.046 *
TiRex 0.035 * Toto-1.0 0.046 *
Moirai-2.0 0.031 * Moirai-2.0 0.033 *
Toto-1.0 0.028 * TiRex 0.028 *
PatchTST 0.026 * Stat-Ens 0.0050 Hok
Chronos-Bolt 0.0027 Hok Chronos-Bolt 0.0019 Hok
AutoARIMA 0.0021 ok TabPFN-TS 0.0017 o
TabPFN-TS 4.60 x 1074 ke AutoARIMA 4.01 x 1074 ok
Seasonal Naive 2.24 x 1076  #** Seasonal Naive 4.47 x 1077  ***
(a) Point forecasting (MASE) (b) Probabilistic forecasting (WQL)

Table 7: Holm-Sidék (HS) adjusted p values of the one-sided Wilcoxon signed rank
test comparing Chronos-2 against all baselines on Chronos-Bench-II. ***p < 0.001,
**p < 0.01, *p < 0.05.
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Model Skill Score (%)  Skill Score 95% CI  Avg. Win Rate (%) Win Rate 95% CI

Chronos-2 30.2  (26.5, 34.5) 86.8 (83.4, 90.0)
TimesFM-2.5 205  (25.5, 34.2) 823 (78.9, 85.6)
TiRex 27.6  (23.8, 31.8) 76.1  (71.9, 79.7)
Moirai-2.0 272 (23.3, 31.5) 711 (67.5, 74.5)
Toto-1.0 25.2  (21.7, 29.1) 69.1  (65.4, 72.6)
Chronos-Bolt 19.2  (11.2, 25.9) 64.4  (59.4, 69.3)
TabPFN-TS 166 (10.0, 22.1) 558  (52.1, 59.8)
PatchTST 15.1 (9.4, 20.9) 46.8  (42.9, 51.0)
TFT 8.5 (-0.4, 16.1) 385  (34.1, 43.3)
Stat-Ens 52,6 (-111.6, -12.2) 33.9  (29.5, 38.5)
AutoARIMA 74 (-42.3, 4.8) 314 (27.0, 35.7)
Seasonal Naive 0.0 (0.0, 0.0) 26.2  (22.4, 30.3)
AutoETS 212 (-34.8,-10.3) 237 (19.0, 28.5)
AutoTheta 9.0 (-17.4,-1.0) 231 (18.8, 27.8)
DeepAR 343 (-58.1, -16.8) 208 (16.6, 25.2)

Table 8: Point forecasting results on GIFT-Eval. The average win rate and skill
score are computed with respect to the mean absolute scaled error (MASE) metric.
Higher values are better for both. Scores for models with failures on specific tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [26].

Model Skill Score (%)  Skill Score 95% CI  Avg. Win Rate (%) Win Rate 95% CI
Chronos-2 51.4 (47.0, 55.3) 84.5 (81.1, 87.7)
TimesFM-2.5 51.0  (46.4, 55.3) 81.4  (77.2, 84.8)
TiRex 502 (45.7, 54.4) 79.0  (75.0, 82.4)
Toto-1.0 486 (43.9, 52.9) 73.0  (69.2, 76.4)
Moirai-2.0 484  (43.7, 52.8) 69.1 (65.2, 72.8)
TabPFN-TS 431 (37.9, 48.0) 60.7 (566, 64.4)
Chronos-Bolt 42.6  (36.5, 48.1) 59.6  (54.6, 64.7)
PatchTST 413 (36.3, 46.2) 52.2  (48.8, 56.0)
TFT 39.5  (34.0, 45.1) 49.5  (45.2, 54.4)
DeepAR 147 (1.9, 24.9) 312 (26.5, 35.8)
Stat-Ens 103 (1.9, 18.7) 294 (25.8, 32.9)
AutoARIMA 8.8 (-1.1, 15.8) 25.7  (22.3,29.3)
Seasonal Naive 0.0 (0.0, 0.0) 19.9 (17.2, 23.1)
AutoTheta -24.4  (-41.8,-7.5) 177  (13.6, 22.2)
AutoETS 648.9  (-3747.6, -94.4) 170 (13.1, 21.1)

Table 9: Probabilistic forecasting results on GIFT-Eval. The average win rate
and skill score are computed with respect to the weighted quantile loss (WQL) metric.
Higher values are better for both. Scores for models with failures on specific tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [26].
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Model p-value Sig. Model p-value Sig.
TimesFM-2.5 0.097 TimesFM-2.5 0.22

TiRex 3.76 x 10—° Hkox TiRex 0.0090 *ok
Moirai-2.0 6.38 x 10~7 Hokok Toto-1.0 3.80 x 10~° sokok
Chronos-Bolt 4.04 x 1077 HoAk Moirai-2.0 3.50 x 10—6 rork
Toto-1.0 1.09 x 10—8 HoHk Chronos-Bolt 1.43 x 107 rork
TabPFN-TS 5.22 x 10—13 ek TabPFN-TS 1.57 x 10—° o
TFT 8.96 x 1015 sHekxk TFT 4.45 x 10712 ek
AutoARIMA 2.24 x 10~15  wkk PatchTST 9.36 x 10713 skokk
PatchTST 2.24 x 10—15  wkk DeepAR 3.01 x 10—15 sk
Stat-Ens 1.25 x 10—15  xx AutoTheta 1.54 x 10716 sk
AutoETS 3.76 x 10716 Hokx AutoARIMA 1.33 x 10—16  x*
Seasonal Naive 1.85 x 10716 %% Stat-Ens 1.28 x 1016 #xx
DeepAR 1.72 x 10716 sk AutoETS 1.26 x 10716 ok
AutoTheta 1.64 x 10—16  xx Seasonal Naive 8.53 x 10717  **

(a) Point forecasting (MASE) (b) Probabilistic forecasting (WQL)
Table 10: Holm-Siddk (HS) adjusted p values of the one-sided Wilcoxon signed rank
test comparing Chronos-2 against all baselines on GIFT-Eval. ***p < 0.001, **p <
0.01, *p < 0.05.
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