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Abstract27

Accurate forecasting with uncertainty quanti}cation is critical in a variety of28

scienti}c applications ranging from epidemiology and economics to energy sys-29

tems and earth sciences. Yet most forecasting models still need to be developed30

and trained separately for each domain-speci}c dataset. Time series foundation31

models (TSFMs) aim to remove this limitation and enable the application of the32

same model across domains through large-scale pretraining. However, existing33

TSFMs treat each time series independently and therefore cannot model inter-34

actions among time series and external drivers. Here, we introduce Chronos-2, a35

foundation model for zero-shot forecasting that models the interactions between36

multivariate time series and heterogeneous covariates, which commonly arise in37

scienti}c applications. The model infers relationships among time series directly38

from historical context and generates probabilistic forecasts without task-speci}c39

treatment. Across various benchmarks, Chronos-2 achieves state-of-the-art accu-40

racy by improving skill scores by 5.2 percentage points relative to the strongest41

baselines and increasing win rates by 10 percentage points. Chronos-2 is also com-42

putationally e{cient, generating forecasts for 100 time series in under one second43

on a single mid-range GPU, 50× and 1000× faster than the best task-speci}c44

point and probabilistic forecasters, respectively. In addition, we demonstrate its45

ezectiveness in diverse scienti}c settings — including infectious-disease forecast-46

ing, macroeconomic modeling, carbon-~ux prediction, and runoz simulation —47

where the model matches or surpasses specialized methods developed for each48

domain. These results show that a single pretrained model can capture structure49

shared across temporal systems. Importantly, our work lays a foundation toward50

a transition from task-speci}c forecasting to generalist forecasting systems across51

scienti}c and industrial domains.52

Keywords: multivariate, time series forecasting, foundation models, transformers53

1 Introduction54

Many natural and human-centric systems evolve as coupled processes. For example,55

epidemics spread across interconnected populations [1], economic indicators co-evolve56

through complex causal relationships [2], ecosystems exchange energy and carbon57

through linked feedback systems [3], and weather events drive river runoz across58

hydrological basins [4]. These phenomena are typically observed as collections of time59

series, whose joint evolution encodes the underlying dynamics of the system. Accu-60

rate forecasting of this temporal data is central to decision-making across disciplines61

ranging from public health to macroeconomics to energy systems to earth sciences.62

Despite decades of progress, forecasting approaches remain largely application-63

speci}c due to the heterogeneity of temporal patterns and task characteristics —64

including varying granularities, context lengths, missing values, and diverse multivari-65

ate interactions. Classical statistical models [5] ezectively capture simple temporal66

structure, but struggle to leverage large-scale datasets or jointly model many related67

variables. Modern machine learning methods [6–8] can represent more complex68

dynamics, yet typically require task-speci}c training and careful tuning for each69
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dataset. In contrast, recent time series foundation models (TSFMs) enable zero-shot70

forecasting on unseen datasets through large-scale pretraining [9–12]. However, most71

TSFMs still treat each time series in isolation [9, 10], which prevents them from72

capturing the multivariate interactions that characterize real-world systems.73

To address the aforementioned limitations, we introduce Chronos-2, a multivari-74

ate foundation model that forecasts collections of time series in a zero‑shot manner.75

Central to our approach is in-context learning (ICL): rather than }tting parameters76

separately for each task, Chronos-2 infers multivariate dependencies directly from77

historical context at inference time. A group-attention mechanism enables informa-78

tion aggregation across arbitrary sets of target time series (the primary variables79

to be forecasted) and heterogeneous covariates (auxiliary variables that provide pre-80

dictive context), which supports their joint forecasting. Chronos-2 is pretrained on81

a mixture of real-world univariate time series and synthetic multivariate processes82

spanning diverse instantaneous and lagged dependencies to encourage generalization83

across domains.84

We evaluate Chronos-2 on comprehensive forecasting benchmarks, where it out-85

performs state-of-the-art models, i.e., task-speci}c statistical and machine learning86

methods, and existing TSFMs, without any task-speci}c training. Chronos-2 is also87

50× and 1000× faster than the best task-speci}c point and probabilistic forecasters; it88

can process 100 time series in 0.8 seconds on a mid-range NVIDIA A10G GPU. Addi-89

tionally, Chronos-2 can be deployed on standard CPU hardware without specialized90

accelerators due to its lightweight size of 120M parameters. Lastly, we demonstrate the91

generalization of the model across scienti}c applications — infectious‑disease dynam-92

ics, macroeconomic forecasting, ecosystem carbon‑~ux prediction, and hydrology —93

where it produces accurate probabilistic forecasts and often matches or surpasses94

specialized models used in these domains.95

To summarize, our results suggest that the dynamics of complex temporal systems96

can be inferred directly from contextual observations using a single pretrained model.97

This work shifts the focus of the forecasting }eld from dataset‑speci}c model }tting98

toward contextual inference over interacting time series.99

2 A uni}ed architecture for multivariate temporal100

dynamics101

Chronos-2 is a uni}ed foundation model for zero-shot forecasting across univariate and102

multivariate time series problems (Figure 1). The method has four central components:103

(i) an encoder-only Transformer [13] that alternates temporal attention with group104

attention to infer dependencies among related series; (ii) a ~exible inference procedure105

dictated by group assignments; (iii) a tokenizer that maps targets and covariates106

into normalized patch sequences; (iv) a pretraining recipe based on heterogeneous107

forecasting tasks and a quantile-regression objective (see Methods for speci}c technical108

details). We discuss the training corpus that combines real univariate time series with109

synthetic multivariate systems in Section 3.110

Chronos-2 adopts the Transformer architecture [13] — speci}cally, a 120M-111

parameter encoder-only model derived from the T5 architecture [14] — as its core112
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Fig. 1: The complete Chronos-2 pipeline. (a) Architecture overview: Input time
series (targets and covariates) are }rst 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 }gure 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 ~exible 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 dizerent 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 selectively113

aggregate information based on underlying relationships. Chronos-2 employs atten-114

tion along two dimensions: the time attention layer aggregates information along the115

temporal axis within each series, and the group attention layer aggregates information116

across related series at a shared time index.117

Group attention allows Chronos-2 to model complex relationships between groups118

of time series. Here, a group is a ~exible notion of relatedness that enables diverse119

downstream forecasting scenarios. Changing group identities allows the model to120

seamlessly switch between univariate and multivariate forecasting modes at inference121

time.122

Time series foundation models need the ~exibility to handle real-world data123

formats, e.g., dizering scales, covariate types and missing values. To stabilize the het-124

erogeneous scales encountered in practice, Chronos-2 represents targets and covariates125
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in a common token space where each input dimension is normalized using historical126

statistics. Additionally, future values of certain covariates (e.g., planned events or hol-127

idays, promotions or weather forecasts) are known in advance and can be useful in128

several forecasting scenarios. Chronos-2 integrates these known covariates by taking129

both the historical context and the future horizon of each time series as input. We use130

a binary mask to indicate unknown future values (targets and past-only covariates),131

which are zero-}lled. This masking strategy also accommodates missing values, which132

are ubiquitous in scienti}c and industrial forecasting.133

Chronos-2 splits the time series into non-overlapping patches to improve memory134

usage and inference speed [8, 10, 11]. The patches are embedded via a neural network135

into a sequence of high-dimensional vectors for processing. Importantly, Chronos-2136

decodes multiple forecast patches in a single forward pass rather than relying on137

expensive, autoregressive step-by-step generation. This patch-based design enables138

the model to process long contexts and horizons, handling up to 8,192 historical time139

steps and predicting up to 1,024 future steps at once, while remaining e{cient enough140

to run on consumer-grade GPUs or standard CPU machines.141

Lastly, Chronos-2 is probabilistic by design to support reliable downstream142

decision-making. A quantile head outputs a set of quantiles rather than a single point143

estimate, which enables probabilistic forecasts without imposing a strict parametric144

form (e.g., a normal distribution) on the predictive distribution. Quantile regres-145

sion [15, 16] captures distributions with complex or multimodal shapes. The inclusion146

of extreme quantiles (0.01 and 0.99) improves the coverage of rare events, which is147

critical in scienti}c applications [17].148
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3 Synthesizing diverse multivariate dynamics149

Irregularity

Seasonality

Trend

Base Kernels

∑ /∏∑ /∏

xt−p ⋯ xt−1
xt

xt−3
xt−2

xt−1
xt

𝒩
Gaussian Process

f :

wt

xt

yt

zt

↦

w̃t

x̃t

ỹt
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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
de}ned 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 role150

when developing a foundation model [18, 19]. While recent ezorts have expanded the151

availability of large-scale time series datasets, they remain primarily univariate [9, 11].152

To overcome this limitation, we developed a scalable pipeline for generating syn-153

thetic multivariate data that covers a comprehensive space of temporal patterns and154

interactions. We trained Chronos-2 on this dataset to equip it with the capability to155

understand multivariate interactions through ICL.156

Our generation process mimics the complexity of real-world systems by hierar-157

chically composing simple signals into complex interactions. We begin by sampling158

univariate time series from a diverse suite of generators (Figure 2a), ranging from159

structural models that capture trends and seasonality [20] to stochastic processes, e.g.,160

exponential smoothing [21] and Gaussian processes [9]. These act as the fundamental161

building blocks, which provides a rich variety of univariate temporal dynamics.162

We construct multivariate time series by coupling these univariate time series163

through two distinct interaction mechanisms: instantaneous and sequential.164

Instantaneous interactions commonly occur in real-world applications, e.g., mul-165

tiple sensors in a machine responding to a load change or retail sales across dizerent166

store locations responding to the same holiday or weather event. These interactions167

introduce relationships among time series where there is no time delay. To capture168

these dynamics, we apply transformations across the univariate series at the same time169

step (Figure 2b). We model linear dependencies using mixing matrices to generate170

dense or sparse correlations. Non-linear interactions are synthesized via multi-layer171

perceptrons (MLPs) that map concurrent observations to a new multivariate space,172

creating non-linear relationships between variables at each time step.173

Sequential interactions also occur in real-world systems, e.g., infection rates lead-174

ing to hospitalization spikes or marketing spending preceding sales growth. These175

interactions often exhibit time-delayed relationships, where an event in one variable176

triggers a response in another after a speci}c duration. To capture these dynamics,177

we introduce lagged dependencies using two distinct mechanisms (Figure 2c). For lin-178

ear temporal relationships, we synthesize Vector Autoregressive (VAR) processes [22]179

based on randomly sampled causal graphs by explicitly de}ning which variables drive180

others over time. For non-linear temporal dynamics, we apply Recurrent Neural Net-181

works (RNNs) [23, 24] to the univariate history to create systems where the future182

evolution depends on complex, history-dependent interactions between variables that183

cannot be captured by simple linear lags.184

In summary, we scale up pretraining data and introduce multivariate relationships185

through multivariate synthetic data generation. We train Chronos-2 on this corpus to186

enable it to infer the relationship between time series from the available context and187

react to them at inference time.188
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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 re~ects
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% con}dence 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-speci}c deep learning models, and
existing foundation models, while maintaining fast inference speed; Wilcoxon signed-
rank test p < 10−6 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 dizerence relative
to Chronos-2 is not statistically signi}cant (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 benchmarks189

We assess the performance of Chronos-2 on fev-bench [25], a comprehensive bench-190

mark comprising 100 forecasting tasks designed to evaluate time series models in a191

standardized setting. The fev-bench benchmark contains tasks spanning domains192

such as energy, retail, cloud computing, economics, healthcare, and mobility. It empha-193

sizes real-world heterogeneity with 68 of the tasks involving multivariate dependencies.194
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These tasks require the model to handle multiple co-evolving target variables, past-195

only and known (future) covariates, and diverse data types (numeric, boolean, and196

categorical), often in the presence of missing values. To complement this multivari-197

ate focus, we also evaluated Chronos-2 on Chronos-Bench-II [9] and GIFT-Eval [26],198

which are two established benchmarks comprising 27 and 97 primarily univariate199

tasks, respectively.200

We benchmarked Chronos-2 against a diverse spectrum of forecasting meth-201

ods, including statistical models (AutoETS, AutoARIMA, AutoTheta, and their202

ensembles) [5, 27], tree-based methods (LightGBM [28], CatBoost [29]), task-speci}c203

deep learning models (DeepAR [6], TFT [7], PatchTST [8]), and state-of-the-art204

TSFMs (TiRex [30], TimesFM-2.5 [10], Toto-1.0 [12], Moirai-2.0 [31], and TabPFN-205

TS [19, 32]). Chronos-2 and other foundation models are pretrained and used directly206

without }tting on individual tasks in the benchmarks (zero-shot inference).207

We evaluated the performance using Mean Absolute Scaled Error (MASE) for208

point forecasting and Scaled/Weighted Quantile Loss (SQL/WQL) for probabilistic209

forecasting. We report two complementary metrics: the win rate, representing the210

proportion of pairwise comparisons, where a model outperforms its competitors, and211

the skill score, which re~ects the average percentage improvement over a baseline212

(Seasonal Naive).213

Figure 3(a) illustrates the strong performance of Chronos-2 on fev-bench. The214

model establishes a new state-of-the-art by achieving an absolute MASE (SQL) win215

rate increment of 41.6 (47.8) percentage points over the best statistical model (Statis-216

tical Ensemble), 34.4 (56.7) over the best tree-based method (CatBoost), 41.8 (40.7)217

over the leading deep learning model (TFT), and 10 (8.3) over the strongest TSFM218

baseline (TiRex). On MASE (SQL) skill scores, Chronos-2 yields improvements of 11.8219

(15.1) percentage points over the best task-speci}c model (CatBoost/TFT) and 5.2220

(4.7) over the strongest TSFMs (TimesFM-2.5/TiRex). Notably, Chronos-2 achieves221

this accuracy while maintaining high throughput, with an average runtime of less222

than 1 second per 100 time series on an A10G GPU. These results also demonstrate223

the gains attributable to in-context learning: enabling group attention yields abso-224

lute improvements of 10.7 percentage points in the win rate and 4.1 in the skill score225

compared to univariate inference.226

Lastly, we demonstrate that in addition to its multivariate capabilities, Chronos-227

2 is also ezective at univariate forecasting. Figure 3(b) shows that Chronos-2 leads228

on both Chronos-Bench-II and GIFT-Eval. These benchmarks stress distinct capa-229

bilities: Chronos-Bench-II focuses on short-history tasks, and GIFT-Eval focuses on230

long-context and long-horizon prediction. Interestingly, enabling in-context learning231

yields improvements even on these univariate tasks. This ezect is particularly pro-232

nounced on Chronos-Bench-II. These results suggest that when historical data is233

scarce, the group attention mechanism allows the model to “cross-learn” and stabilize234

predictions by retrieving relevant patterns from other time series.235
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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
tra{c, and holiday indicators. Covariates are shown in the lower panels. (b) Regime
change: store closure at dizerent positions relative to the forecast horizon. The top
and bottom rows show the same series with dizerent 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 learning236

Here, we aim to understand the mechanisms driving the strong performance on the237

quantative benchmarks, which requires taking a deeper look at how the model utilizes238

context. In particular, we present a qualitative analysis of scenarios from the retail and239

energy domains to demonstrate how in-context learning allows the model to under-240

stand multivariate interactions, respond meaningfully to counterfactual scenarios, and241

resolve ambiguity during regime shifts.242

In several forecasting tasks, the target variable is heavily modulated by exter-243

nal factors. Figure 4(a) compares Chronos-2 in univariate mode against its default244
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in-context learning-based multivariate mode on a retail sales task from fev-bench.245

While the univariate model captures the level of the time series, it fails to anticipate246

~uctuations tied to external drivers such as promotions and holidays. By conditioning247

on these covariates via in-context learning, the multivariate model aligns closely with248

the ground truth, which results in sharpened prediction intervals and reduced error249

metrics.250

A critical challenge in forecasting is handling regime changes — abrupt transitions251

between distinct behavioral states, such as store closures or system failures [33, 34].252

Observable covariates often carry information about the latent regime state, which253

enable covariate-driven regime identi}cation [35, 36]. Figure 4(b) illustrates how254

Chronos-2 exploits this principle: observed covariates allow it to identify regimes that255

are invisible to a univariate model. In scenarios where a store closes for an extended256

period, a univariate model is unaware of the cause of the zero-sales period, which257

results in in~ated uncertainty. In contrast, Chronos-2 leverages the “Open” covariate258

to disambiguate the context. The group attention mechanism correctly identi}es the259

closure regime, maintains tight con}dence intervals during the inactive period, and260

anticipates the reopening at the boundary. This demonstrates the ability of Chronos-2261

to leverage covariates to switch ezectively between dynamic modes.262

In addition to passive conditioning, we can also probe the model’s understanding263

of the dynamics by feeding it hypothetical future covariate trajectories. Figure 4(c)264

visualizes this by modifying the promotion schedule for a retail sample. When the265

promotion activity is set to zero (no promo), the forecast settles to the baseline lower266

bound; when the promotion is set to high, the forecast shifts to the upper bound.267

Notably, when tested with an always-on promotion schedule — a scenario never seen268

in the history — the model predicts high sales but signi}cantly widens its uncer-269

tainty bands. The model behavior re~ects its epistemic uncertainty when forced to270

extrapolate to out-of-distribution conditions.271

Chronos-2 can also use past-only drivers, such as customer counts, to simulate272

dizerent scenarios where we do not know the future values of the covariate. While273

typically unavailable at forecast time, we can provide the model with synthetic future274

trajectories (stable average, 20% increased and 20% decreased) to simulate poten-275

tial business scenarios. The model produces coherent forecasts, where sales volume276

tracks the simulated footfall intensity. This indicates that Chronos-2 has internalized277

the structural coupling between footfall and sales, which allows it to function as a278

forecaster and a simulator for strategic planning.279

Finally, real-world deployment often involves scenarios where future values of cer-280

tain covariates are unavailable. Figure 4(d) analyzes an electricity load forecasting task281

under varying information availability. We see that while known (future) covariates282

provide the highest accuracy, Chronos-2 extracts signi}cant signal even from past-only283

covariates, which results in reduced error metrics compared to the univariate baseline.284

This shows the model can leverage historical covariate information to inform future285

dynamics of the target variable, yielding improvements over univariate forecasting.286
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6 Case studies287

In this section, we apply Chronos-2 to various scienti}c problems — infectious disease288

dynamics, consumer price index forecasting, carbon ~ux prediction, and rainfall-runoz289

simulation. For each case study, we adopt the rigorous evaluation protocols of the290

respective discipline. In particular, we compare Chronos-2 directly against the spe-291

cialized models and operational ensembles typically employed by domain experts. In292

addition, we report performance using the standard metrics of each }eld — e.g., the293

Weighted Interval Score in epidemiology or the Nash–Sutclize E{ciency in hydrol-294

ogy — to ensure our results are directly interpretable within the context of the295

domain-speci}c literature.296

6.1 Epidemiology: Infectious disease dynamics297

Accurate forecasting of acute respiratory infection (ARI) and in~uenza-like illness298

(ILI) is fundamental to public health preparedness, guiding resource allocation and299

intervention strategies during peak transmission periods [37]. We leveraged data from300

the ECDC RespiCast Hub [38], a collaborative platform that aggregates predictions301

from independent modeling teams to support decision-making at the European Centre302

for Disease Prevention and Control.303

We benchmarked the zero-shot performance of Chronos-2 against the RespiCast304

Hub-Ensemble [38], an established operational benchmark that synthesizes outputs305

from diverse epidemiological approaches ranging from mechanistic compartmental306

models (SEIR) to statistical baselines. Following the o{cial evaluation protocol, we307

employed the relative Weighted Interval Score (WIS) to assess the quality of proba-308

bilistic forecasts [39]. This comparison is inherently demanding, as the Hub-Ensemble309

bene}ts from the “wisdom of the crowd” and creates a consensus from multiple310

domain-speci}c and statistical signals [40].311

Chronos-2 achieves competitive short-term forecasting performance solely by ana-312

lyzing historical incidence trajectories (Figure 5(a)). This suggests that it ezectively313

captures the statistical patterns characteristic of viral transmission without explicit314

knowledge of pathogen biology or social mixing patterns. Importantly, Chronos-2315

surpasses the performance of the Hub-Ensemble at longer forecast horizons, espe-316

cially in the case of ARI incidence. The in-context learning mechanism yields further317

gains here: by jointly predicting incidence rates across European nations, the model318

leverages cross-country correlations, thereby re}ning the forecast for the entire conti-319

nent. These results suggest that general-purpose foundation models can complement320

specialized epidemiological modeling. Rather than replacing mechanistic approaches,321

Chronos-2 ozers a rapidly deployable, high-quality option that can enhance existing322

ensembles, particularly in scenarios where specialized modeling teams are scarce or323

require signi}cant lead time for calibration.324
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Fig. 5: Zero-shot forecasting of complex human-centric systems. (a) Fore-
casting incidence of Acute Respiratory Infection (ARI) and In~uenza-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 log2(WISbaseline/WISmodel); values greater than 0 indicate improvement
over the baseline. Plots show the median relative WIS (solid lines) and 95% con-
}dence 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 signi}cantly 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,
log2(RMSEbaseline/RMSEmodel). While univariate inference (U) performs compara-
bly to robust statistical baselines, enabling in-context learning signi}cantly improves
accuracy by leveraging shared structural patterns within CPI groups. Pairwise com-
parisons (right) con}rm 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 forecasting325

Forecasting the components of the Consumer Price Index (CPI) is fundamental to326

the conduct of monetary policy [41]. Challenges in macroeconomic forecasting include327

lower frequency (monthly) data, limited historical samples, and signi}cant signal-328

to-noise challenges. In this regime, complex machine learning models frequently fail329

to generalize, often underperforming simpler statistical baselines [42]. Methods such330

as ARIMA and ETS are often di{cult to surpass, as they capture trends without331

over}tting to short-term volatility [5].332

Here, we tackle the challenging problem of jointly forecasting its granular compo-333

nents, where existing literature has typically focused on predicting headline in~ation334

as a single aggregate. We evaluate Chronos-2 on the German CPI, decomposed into335

110 product groups at Level 4 of the COICOP standard — a granularity su{cient to336

isolate sector-speci}c drivers while smoothing idiosyncratic item-level noise.337

The challenge of achieving performance gains in this regime is evident in338

Figure 5(b), which illustrates the tight performance margins among methods.339

Chronos-2 in univariate mode performs comparably against robust statistical base-340

lines (AutoARIMA, AutoETS, and DynOptTheta). In-context learning signi}cantly341

improves the model’s capability. Rather than processing the 110 components individ-342

ually, ICL jointly forecasts items within each Level 2 COICOP group (e.g., “Food and343

non-alcoholic beverages”), exploiting natural clusters of economically related prod-344

ucts. As shown in the pairwise comparisons, Chronos-2 (ICL) consistently outperforms345

AutoARIMA and AutoETS, achieving signi}cantly lower errors on the majority of346

items (Wilcoxon signed-rank test p < 0.001) at both 3-month and 12-month horizons.347

These results show that foundation models yield gains even in regimes traditionally348

dominated by classical statistical models.349

6.3 Earth Science: Carbon ~ux prediction350

Eddy-covariance networks provide the observational backbone for understanding351

land–atmosphere feedbacks and the terrestrial carbon cycle. We evaluated Chronos-2352

on the prediction of Net Ecosystem Exchange (NEE) and turbulent energy ~uxes —353

Latent Heat (LE) and Sensible Heat (H) — using the standardized FLUXNET col-354

lection [43]. While traditional methodologies focus on gap-}lling (imputing missing355

historical data) [44], we address the problem of forecasting ~uxes based on meteorolog-356

ical drivers. These forward-looking estimates have broad operational utility, ranging357

from optimizing irrigation in precision agriculture to monitoring natural vegetation358

stress under increasing atmospheric aridity [45].359

We structured this problem as a daily multivariate forecasting task, using air tem-360

perature (TA), incoming shortwave radiation (SW_IN), and vapour pressure de}cit361

(VPD) as covariates. We focused on the boreal summer (June–August 2020), the peak362

period of biological activity and surface-atmosphere exchange. Chronos-2 operates363

entirely zero-shot, whereas conventional baselines are fully supervised, trained on all364

available historical observations prior to the test period. As the supervised baseline,365

we selected XGBoost [46] which is a standard in ~ux modeling [44]. To re~ect common366
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Fig. 6: Ecosystem carbon and energy ~ux 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 ~ux (LE), and sensi-
ble heat ~ux (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-speci}c 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 ~uxes (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. (c) 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) strati}ed
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 pooled367

XGBoost model (trained across all sites) and site-speci}c variants.368

Figure 6(a) shows that Chronos-2 with covariates (ICL) achieves the lowest RMSE369

distributions across NEE, LE, and H (Wilcoxon signed-rank test p < 0.01) without370

requiring any domain-speci}c training. ICL clearly outperforms Chronos-2 in univari-371

ate mode (U) implying that the model ezectively leverages meteorological forcing372

rather than relying on only autoregression. Qualitatively, Chronos-2 demonstrates373

an understanding of physical coupling between meteorological forcing and surface374

exchange; for instance, it correctly predicts increases in latent heat ~ux during periods375

of high shortwave radiation, which is consistent with the fundamental principles of sur-376

face energy balance where evapotranspiration is constrained by available energy [47].377
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Lastly, error strati}cation by month (Figure 6c) reveals consistent seasonal predictabil-378

ity without requiring training or calibration compared to its task-speci}c counterpart.379

Collectively, these results demonstrate that a generalist foundation model can gener-380

ate physically meaningful and uncertainty-aware ecosystem forecasts that outperform381

strong supervised regressors.382

6.4 Hydrology: Rainfall-runoz simulation383

ba

Fig. 7: Rainfall-runoz simulation using Chronos-2. Performance is evaluated
using the Nash–Sutclize E{ciency (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, signi}cantly outperform-
ing univariate inference (Chronos-2 (U), NSE=0.15) by leveraging meteorological
covariates. While the domain-speci}c LSTM ensemble achieves higher performance
(NSE=0.90), }ne-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 speci}c threshold (x-axis). The }ne-tuned model closely tracks the reliabil-
ity pro}le 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 runoz but exhibits high uncertainty (shaded region denotes 10-90% prediction
interval). Fine-tuning (bottom) tightens the predictive distribution, accurately mod-
eling the discharge.

Rainfall-runoz simulation is a central problem in hydrology, which is critical for384

reservoir management, ~ood forecasting, and climate resilience. It studies how rainfall385
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over a watershed is transformed into surface runoz (stream~ow) at the basin outlet [4].386

We evaluated Chronos-2 for this problem on the CAMELS-DE dataset [48], a high-387

quality benchmark providing hydro-meteorological time series for 1,582 catchments388

across Germany.389

To contextualize performance, we compared Chronos-2 against two domain-speci}c390

standards: the HBV model [49], a conceptual physical model calibrated individually391

for each catchment, and a state-of-the-art LSTM ensemble [50], which represents the392

current upper bound in hydrological deep learning. The LSTM baseline is trained393

on data from all catchments to predict the discharge using precipitation, radiation,394

temperature, and static catchment attributes (e.g., soil texture, elevation) as inputs.395

Figure 7(a) presents the distribution of Nash–Sutclize E{ciency (NSE) scores [51],396

a metric commonly used to evaluate rainfall–runoz models. Remarkably, Chronos-2397

(with ICL) achieves a median NSE of 0.68. Without ever seeing a hydrograph during398

training, the model successfully identi}es the relationship between precipitation events399

and stream~ow response. This performance is starkly superior to univariate inference400

(median NSE = 0.15), con}rming that the model is actively leveraging meteorological401

covariates rather than simply autoregressing on historical discharge.402

While zero-shot performance lags behind the highly specialized baselines, Chronos-403

2 provides viable hydrological forecasts instantly, without the training or calibration404

these baselines require. Lightweight }ne-tuning on CAMELS-DE data ezectively405

bridges this gap, with Chronos-2 matching the performance of the state-of-the-art406

LSTM ensemble — despite using a single model without static catchment attributes or407

the NSE objective function. Figure 7(b) illustrates this progression: in zero-shot mode,408

the model captures the general shape of discharge but exhibits high uncertainty; after409

}ne-tuning, the predictive distribution tightens around the ground truth, ezectively410

learning the rainfall-runoz relationship. This demonstrates Chronos-2’s ~exibility as411

both an immediately useful generalist and a robust initialization for specialist models.412

7 Conclusion413

In this work, we introduced Chronos-2, a time series foundation model designed to414

handle a wide range of forecasting scenarios — both univariate and multivariate —415

in a zero-shot manner. Chronos-2 marks a shift from }tting parameters to inferring416

dynamics. Unlike traditional approaches that require training bespoke models for417

every dataset, Chronos-2 implicitly infers coupled dynamics purely from historical418

context. By training extensively on multivariate synthetic data, we demonstrated419

that the fundamental grammar of temporal variation can be learned and transferred420

to real-world complexity, ezectively bridging the gap between domains ranging from421

hydrology to macroeconomics. Chronos-2 democratizes access to advanced forecasting422

by eliminating the barrier of training task-speci}c models, ozering a versatile tool for423

understanding the coupled dynamics of the world.424

Building on this framework, future development of Chronos-2 can expand along425

several critical dimensions. First, scaling the diversity of the synthetic pretraining426

corpus — e.g., by incorporating outputs from domain-speci}c simulators — can fur-427

ther enhance zero-shot generalization for highly complex dynamics. Second, while the428
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current architecture natively handles time-varying covariates, integrating static meta-429

data (e.g., soil composition or demographic pro}les) is an important frontier. This430

capability is vital for extreme cold-start scenarios, e.g., the grand challenge of pre-431

diction in ungauged basins (PUB) in hydrology, where stream~ow must be inferred432

entirely from meteorological drivers and static basin properties without historical tar-433

get data. In addition, since critical exogenous signals are often qualitative (e.g., central434

bank statements or epidemiological reports), extending the model to support multi-435

modal natural language inputs is a promising direction. As these foundation models436

assume a larger role in science and decision-making, advancing their interpretability437

is also essential. This includes exploring methods to extract explicit causal graphs or438

coupling mechanisms directly from the model’s internal representations. Lastly, the439

universal temporal representations learned by Chronos-2 hold immense potential for440

broader downstream applications beyond forecasting, including anomaly detection,441

classi}cation, and clustering.442
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Methods443

Problem statement444

Time series forecasting aims to predict future values of a temporal sequence given his-445

torical observations. Formally, let Y1:T = [y1, . . . ,yT ] denote a historical time series446

of length T , where each observation yt ∈ R
D can either be univariate (D = 1) or mul-447

tivariate (D > 1). Given this historical context, the goal is to predict the next H time448

steps YT+1:T+H , where H de}nes the forecast horizon. Forecasts may be supported449

by covariates (also known as exogenous variables) X1:T+H = [x1, . . . ,xT+H ], where450

xt ∈ R
M represents additional information that can span both historical (t ≤ T )451

and future (t > T ) time steps. The task itself can be de}ned as either point fore-452

casting, where the objective is to predict a single future value at each time step, or453

probabilistic forecasting, where the objective is to estimate the conditional distribu-454

tion P(YT+1:T+H | Y1:T ,X1:T+H) in order to capture forecast uncertainty. Zero-shot455

forecasting refers to the setting in which a model generates forecasts for a previously456

unseen time series datasets without requiring any additional training, adaptation, or457

}ne-tuning.458

Chronos-2 architecture459

Chronos-2 is a 120M parameter encoder-only transformer [13] model which closely fol-460

lows the design of the T5 encoder [14]. In the following, we discuss the key architectural461

components of the Chronos-2 pipeline.462

Input construction463

The model operates on two inputs derived from the target Y1:T and covariates464

X1:T+H . We concatenate all historical values into V = [v1, . . . ,vT ], where each465

vt ∈ R
D+M consists of the target observation yt and the corresponding covariate466

vector xt. Similarly, we de}ne the future values as W = [wT+1, . . . ,wT+H ], where467

wt ∈ R
D+M contains known (future) covariate values xt when available, while the468

entries corresponding to targets and past-only covariates are set to missing values.469

Categorical covariates in X1:T+H are transformed into real-valued representations470

before being concatenated into V and W . For univariate targets, we apply target471

encoding [52, 53], which maps each category to a numerical value based on its rela-472

tionship with the target. For multivariate targets, the model falls back to ordinal473

encoding, assigning a unique integer to each category.474

Robust scaling475

The input values, V and W , may be at an arbitrary scale, so our tokenization pipeline476

begins by normalizing the series. We adopt standardization, a widely used normaliza-477

tion method in the literature, and introduce an additional step: applying the sinh−1
478

transformation to the standardized values. This log-like transformation further stabi-479

lizes variance and reduces the in~uence of outliers on the objective function. Formally,480
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each historical value vt,d and the future value wt,d are normalized as481

ṽt,d = sinh−1

(

vt,d − µd

σd

)

for t ∈ {1, . . . , T}, (1)

w̃t,d = sinh−1

(

wt,d − µd

σd

)

for t ∈ {T + 1, . . . , T +H}, (2)

where µd and σd are the mean and standard deviation of the historical values482

[v1,d, ..., vT,d], respectively. Any missing values in V are excluded when computing µd483

and σd. The normalized historical values Ṽ and future values W̃ are concatenated to484

construct the input matrix U = [Ṽ , W̃ ] ∈ R
(T+H)×(D+M).485

Meta features486

During tokenization, each dimension of U is processed independently by the model. To487

describe the tokenization procedure, consider a single column ud = [u1,d, . . . , uT+H,d]
>488

corresponding to one target or covariate dimension d. Two additional meta fea-489

tures are appended to each column: a time index and a mask. The time index490

j =
[

− T
C
,−T−1

C
, . . . , 0, . . . , H−1

C

]

encodes the relative position of each time step,491

where C is the maximum context length supported by the model. It provides explicit492

information about temporal ordering to the model which is bene}cial when using493

patch-based inputs. The mask md is a binary indicator equal to 1 when the value is494

observed, and 0 otherwise. It serves two purposes: indicating which values are miss-495

ing in the historical context and specifying which input dimensions correspond to496

known (future) covariates. After construction of the mask, all missing values in ud497

are replaced with zeros.498

Patching and embedding499

The input ud with the corresponding meta features, j and md, are split into non-500

overlapping patches of length P = 16 [8]. The context and future sections of the501

time series and meta features are split into patches separately. When T and H are502

not multiples of P , zero padding is applied on the left (context) or right (future).503

Let up, jp, and mp denote the p-th patches of the input, time index, and mask,504

respectively. These are concatenated and mapped into the embedding space using a505

residual network, f in
φ : R3P → R

Dmodel ,506

hp = f in
φ

([

up, jp,mp

])

, (3)

where φ denotes parameters of the residual network and Dmodel is the hidden dimen-507

sion of the transformer model. Between the patch embeddings of the context and508

future, we include a special REG token which serves both as a separator token and an509

attention sink [54].510

Time attention511

The time attention layer is the usual attention layer found in typical sequence models.512

It applies self-attention along the temporal axis and aggregates information across513
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patches of the same input dimension. We replace relative position embeddings used514

in the self-attention layers of the original T5 model with rotary position embeddings515

(RoPE) [55] which have become the de-facto standard for position embeddings in516

modern transformer-based models [18].517

Group attention518

The group attention layer is central to enabling the in-context learning capabilities519

of Chronos-2. This layer aggregates information across time series that belong to the520

same group at a given patch index. A group refers to a set of related time series and521

may refer to dizerent things depending on the forecasting task.522

Within a batch of size B, multiple groups of varying sizes are possible, each iden-523

ti}ed by group IDs g, a vector of length B. Internally, the group attention layer maps524

these IDs to a two-dimensional attention mask, ensuring that aggregation occurs only525

within groups and not across them. Since time series within a group lack a natural526

ordering, the group attention layer omits positional embeddings.527

Quantile head528

After a sequence of alternating time and group attention layers, the embeddings of529

future patches of the D target dimensions are passed through a residual block to pro-530

duce the direct multi-step quantile forecast Ẑ ∈ R
H×D×|Q|. By producing forecasts531

for multiple target patches within a single forward pass, the model can e{ciently gen-532

erate predictions over long forecast horizons. Chronos-2 predicts a set of 21 quantiles533

Q = {0.01, 0.05, 0.1, . . . , 0.9, 0.95, 0.99}. Any queried quantiles falling outside this set534

are obtained through linear interpolation.535

Training536

During training, batches are constructed to include heterogeneous forecasting tasks:537

univariate forecasting, multivariate forecasting (which also covers tasks with past-only538

covariates), and multivariate forecasting with known (future) covariates. Each task is539

characterized by the number of target dimensions D, the number of covariates M , and540

the role of each dimension (target, past-only covariate, or known covariate). A unique541

group ID is assigned to each task, and the combination of group IDs g with whether542

the future input W is observed allows the model to infer the speci}c forecasting setup.543

The model is trained using the quantile regression objective544

∑

q∈Q

(

q ·max(z − ẑq, 0) + (1− q) ·max(ẑq − z, 0)
)

, (4)

where ẑq is the forecast at quantile level q, and z is the corresponding target value545

normalized as in Eq. (1). The loss is averaged over all forecast steps and items in546

the batch and is computed only on target dimensions, with entries corresponding to547

known (future) covariates or missing target values excluded from the objective. The548

number of output patches is randomly sampled for each batch during training.549
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The model is trained in two stages using the Adam optimizer with weight decay of550

0.1 and maximum gradient norm set to 1. First, the model is pretrained with a max-551

imum context length of 2048, 12 maximum output patches and learning rate of 10−4.552

In the second stage, the context length is extended to 8192, the maximum number of553

sampled output patches is increased to 64 and the learning rate is reduced to 10−5.554

Longer contexts enable the model to capture long-term seasonalities in high-frequency555

time series, while multi-patch outputs allow for long-horizon forecasts without relying556

on heuristics.557

Training data558

The training corpus combines real univariate datasets (Supplementary Table 1) with559

synthetic multivariate data as discussed in Section 3.560

Our multivariate synthetic data generation process begins with univariate gener-561

ators capable of producing a rich diversity of temporal patterns. A randomly chosen562

number of time series are }rst sampled from these univariate generators. A function563

is then applied to these univariate series to introduce correlations between them.564

The set of univariate generators includes: (i) KernelSynth [9], which generates565

time series using Gaussian processes (GP) by randomly combining basic kernels (such566

as linear and periodic) through addition and multiplication to construct complex567

composite kernels; (ii) Trend-Seasonality-Irregularity (TSI) [20], which exploits568

typical time series decomposition to construct series by sampling trends, seasonali-569

ties, and irregularities from a suite of prede}ned components and combining them570

through an additive or multiplicative model; (iii) AutoRegression (AR) [56], which571

constructs a random order-p autoregressive model and simulates it to generate time572

series; and (iv) Exponential Smoothing (ETS) [21], which simulates time series573

from a randomly constructed exponential smoothing model.574

With time series sampled from the aforementioned univariate generators, we con-575

struct multivariate data by applying suitable random transformation functions which576

introduce instantaneous or time-delayed relationships between the time series.577

Instantaneous transformations applied across the univariate series at the same578

time-step. We use two types of instantaneous transformation functions: linear and579

non-linear. The linear function is realized by a simple transformation matrix which580

may be dense, sparse, or a sign matrix, or may encode other relationships such as581

aggregation, where the number of output time series is larger than the number of input582

series and the additional outputs denote summations of the input series. The random583

non-linear transformation is characterized by a multi-layer perceptron (MLP), where584

the number of layers, type of nonlinearities, and number of hidden units are randomly585

sampled.586

Time-delayed transformations are functions which take a window of the last k587

time-steps from the univariate time series as inputs and are recursively applied to588

yield multivariate time series with time-varying relationships. As before, we use linear589

and non-linear transformation functions. The linear function is characterized by a590

temporal causal model (TCM). The algorithm }rst selects a subset of the univariate591

series as exogenous variables — they mimic external factors which azect the system592

but are not azected by it. A set of edges across time and variables are then sampled to593
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denote relationships, with edge weights sampled from a truncated normal distribution.594

This yields the parameters of a vector autoregressive (VAR) process [22] which is then595

applied to the univariate series. For non-linear time-delayed relationships, we apply a596

recurrent neural network (RNN) to the univariate time series, where the number and597

type of layers are randomly sampled.598

Inference599

Forecasts are generated by de-normalizing the model predictions ẑqt,d and applying600

the inverse transformation of Eq. (1). Formally, the quantile head output ẑqt,d is601

transformed as602

ŷqt,d = µd + σd · sinh(ẑ
q
t,d), (5)

to obtain the prediction ŷqt,d of the quantile level q at time step t along the target603

dimension d.604

During inference, multiple time series in a batch can be grouped to solve dizerent605

forecasting tasks:606

• univariate forecasting: each item in the batch is assigned a unique group ID. This607

ensures that the model makes independent predictions for each time series in the608

batch.609

• multivariate forecasting: each variate which belongs to the same multivariate series610

is assigned the same group ID with variates from dizerent multivariate series having611

distinct group IDs. This allows the model to share dynamics information between612

dizerent variates of a multivariate time series.613

• forecasting with covariates: all target(s), past-only and known covariates belonging614

to the same task are assigned the same group ID. The future inputs W corre-615

sponding to known covariates contain their known future values. The predictions616

generated by the model for covariates are ignored.617

Evaluation protocol for standard benchmarks618

In this section, we detail our evaluation protocol including the benchmark datasets,619

baselines and metrics used in the experiments.620

Benchmarks621

We evaluated Chronos-2 on three established forecasting benchmarks: fev-bench [25],622

Chronos-Bench-II [9], and GIFT-Eval [26]. We strictly adhered to the data splits623

and evaluation protocols de}ned in the respective publications. fev-bench provides624

comprehensive coverage of diverse real-world scenarios, comprising 100 forecasting625

tasks (68 of which involve multivariate dependencies). Chronos-Bench-II, originally626

proposed to evaluate early Chronos models [9], consists of 27 tasks character-627

ized predominantly by short historical contexts (averaging fewer than 300 time628

steps). GIFT-Eval focuses on high-frequency time series and long-horizon forecasting,629

containing 97 tasks derived from 55 distinct datasets.630
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Baselines631

We compared Chronos-2 against a range of leading task-speci}c models (trained indi-632

vidually on each benchmark task) and pretrained foundation models. Task-speci}c633

baselines included statistical methods (AutoETS, AutoARIMA, AutoTheta, and their634

ensemble [5, 27]), tree-based methods (LightGBM [28], CatBoost [29]), and deep635

learning architectures (DeepAR [6], TFT [7], PatchTST [8]). Foundation model636

baselines included TiRex [30], TimesFM-2.5 [10], Toto-1.0 [12], Chronos-Bolt [9],637

TabPFN-TS [19, 32], and Moirai-2.0 [31].638

Where available, we utilized reported baseline results from the original bench-639

marking papers; otherwise, we reproduced results using standard libraries. Statistical640

models were implemented via StatsForecast [57] (max. runtime 12 hours/task) on641

AWS m6i.4xlarge instances (16 vCPUs, 64GB RAM). Tree-based models were642

implemented via MLForecast; to address sensitivity to preprocessing, we tuned dif-643

ferencing, scaling, and lag transformations for each task, selecting lag/time features644

via frequency-based heuristics. Deep learning models were implemented via Auto-645

Gluon [58] on AWS g5.2xlarge instances (A10G GPU, 24GB VRAM). To prevent646

under-}tting, we extended the training budget to 1,000 epochs (with early stopping)647

and a 24-hour maximum runtime. Task-speci}c models were re-trained for each eval-648

uation window to account for distribution shifts. Foundation models were evaluated649

using their respective o{cial libraries on g5.2xlarge instances.650

Metrics and aggregation strategy651

We assessed both point and probabilistic forecasting performance. Point forecast accu-652

racy was evaluated using the Mean Absolute Scaled Error (MASE), which normalizes653

the mean absolute error by the historical seasonal error. For a task with N time series654

and forecast horizon H, MASE is de}ned as:655

MASE =
1

N

1

H

N
∑

i=1

1

ai

T+H
∑

t=T+1

|yi,t − fi,t|, (6)

where ai is the historical absolute seasonal error, given by:656

ai =
1

T −m

T
∑

t=m+1

|yi,t − yi,t−m|, (7)

and m is the seasonal period.657

Probabilistic forecast quality was measured using the Scaled Quantile Loss (SQL),658

which aggregates the pinball loss across quantile levels, normalized by the same659

seasonal error ai:660

SQL =
1

N

1

H

N
∑

i=1

1

ai

T+H
∑

t=T+1

∑

q

ρq(yi,t, f
q
i,t), (8)
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where fq
i,t denotes the predicted quantile q for time series i at time t, and the quantile661

loss ρq is de}ned as:662

ρq(yi,t, f
q
i,t) =

{

2(1− q)(fq
i,t − yi,t), if yi,t < fq

i,t

2q(yi,t − fq
i,t), if yi,t ≥ fq

i,t.
(9)

Consistent with the original benchmarking protocols, we used the Weighted Quantile663

Loss (WQL) for Chronos-Bench-II and GIFT-Eval. Both SQL and WQL approxi-664

mate the Continuous Ranked Probability Score (CRPS); however, unlike SQL, WQL665

depends on the scale of the time series.666

To aggregate results across tasks, we report average win rates (W ) and skill scores667

(S) following the methodology in Ref. [25]. These metrics are mathematically equiv-668

alent to the average rank (R) and geometric mean relative error (G) used in prior669

work [9, 26], where R = 1+(1− W
100 )(N−1) and G = 1− S

100 . We prefer win rates and670

skill scores for their interpretability: the win rate indicates the proportion of pairwise671

comparisons where a model is superior, while the skill score represents the average672

percentage improvement over a baseline (here, the Seasonal Naive model). Statisti-673

cal signi}cance of Chronos-2’s performance against baselines was assessed using the674

Wilcoxon signed-rank test.675

Details on case studies676

In this section, we provide the details for the various real-world case studies ranging677

from epidemiology and macro-economics to earth sciences and hydrology.678

Infectious disease dynamics679

We utilized incidence data for Acute Respiratory Infection (ARI) and In~uenza-Like680

Illness (ILI) spanning October 2024 to January 2026, sourced from the European Cen-681

tre for Disease Prevention and Control (ECDC) via the RespiCast repository [38]. To682

preclude look-ahead bias from data revisions, Chronos-2 was evaluated on historical683

data snapshots, strictly adhering to the RespiCast protocol. We evaluated two con}g-684

urations: Chronos-2 (U), a univariate mode where each country’s incidence is forecast685

in isolation; and Chronos-2 (ICL), an in-context learning mode where forecasts are686

generated jointly across countries. Baseline forecasts for the quantile model and the687

RespiCast Hub-Ensemble were obtained directly from the RespiCast snapshots.688

Consumer price index forecasting689

Data for German Consumer Price Index (CPI) components were retrieved from690

GENESIS-Online, the central database of the German Federal Statistical O{ce, on691

January 19, 2026. We selected 110 components at Level 4 of the Classi}cation of692

Individual Consumption According to Purpose (COICOP) for evaluation. A rolling693

window evaluation was conducted annually from 2021 to 2025, capturing the post-694

COVID-19 economic recovery period. Statistical baselines were implemented using695

the StatsForecast library. For Chronos-2 (U), items were forecast independently; for696

Chronos-2 (ICL), items within the same Level 2 COICOP group were predicted jointly.697
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Carbon ~ux prediction698

We utilized daily eddy-covariance measurements of carbon and energy ~uxes (NEE,699

LE, H) alongside meteorological drivers (TA, SW_IN, VPD) from the FLUXNET700

dataset [43]. Analysis was restricted to sites with high-quality (>80% quality con-701

trol ~ag), continuous observation coverage across the context and evaluation periods.702

Evaluations included a static summer window (June–August 2020) and a monthly703

rolling forecast for the entire year 2020, utilizing a 12-month historical context to704

predict the subsequent month. We evaluated two zero-shot con}gurations: Chronos-2705

(U), utilizing only the isolated target ~ux history; and Chronos-2 (ICL), conditioned706

jointly on the historical ~uxes and future meteorological covariates. Supervised base-707

lines consisted of pooled and site-speci}c XGBoost regressors [46] trained on available708

historical data. Forecast accuracy was evaluated using RMSE and normalized RMSE.709

Rainfall-runoz simulation710

We utilized the CAMELS-DE dataset for hydrological modeling. Pre-computed sim-711

ulations for the HBV and LSTM-Ensemble baselines were obtained directly from the712

dataset. These baselines were calibrated on hydrometeorological data spanning 1970713

to 1999. For this study, we selected the subsequent year (2000) as the evaluation714

period. Chronos-2 was conditioned on historical context from 1970 to 1999 to predict715

stream~ow for the year 2000, utilizing precipitation, radiation, and temperature as716

future covariates. To ensure fair comparison, Chronos-2 was }ne-tuned on the same717

1970–1999 data interval used for the baselines. Fine-tuning was performed using the718

Adam optimizer with a learning rate of 10−4 for 10,000 gradient update steps.719

Code and data availability. The model weights are available on Hug-720

gingFace at https://huggingface.co/amazon/chronos-2 under the Apache-2.0721

license. A python package to run the model is available at https://github.722

com/amazon-science/chronos-forecasting. The evaluation datasets are publicly723

available at: fev-bench (https://huggingface.co/datasets/autogluon/fev_datasets),724

Chronos-Bench-II (https://huggingface.co/datasets/autogluon/chronos_datasets)725

and GIFT-Eval (https://huggingface.co/datasets/Salesforce/GiftEval). Evaluation726

scripts are available at https://github.com/autogluon/fev and https://github.com/727

SalesforceAIResearch/gift-eval.728
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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) 1M 48000 Various [68]
M4 (Weekly) 1W 359 Various [68]
Mexico City Bikes 1H, 1D, 1W 494 Transport [9]
Pedestrian Counts 1H, 1D, 1W 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 Transport [73]
Q-Tra{c 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 (84.5, 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 28.2 (23.9, 32.7) 67.0 (61.9, 71.8) 22.1 0
Moirai-2.0 27.3 (23.3, 31.3) 61.4 (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 23.7 (19.0, 28.2) 53.1 (48.1, 58.4) 46.6 0
LightGBM 22.4 (17.3, 27.0) 49.7 (44.4, 55.0) 4.8 0
Stat-Ens 15.7 (11.4, 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 18.4 (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 11.2 (6.9, 15.4) 35.6 (31.3, 40.3) 19.5 10
AutoTheta 11.0 (7.1, 14.5) 33.1 (29.2, 37.0) 3.2 0
AutoETS 2.3 (-6.8, 9.4) 32.9 (27.0, 38.4) 3.5 3
SeasonalNaive 0.0 (0.0, 0.0) 18.5 (14.7, 22.3) 0.5 0
Naive -16.7 (-29.2, -7.5) 16.3 (12.7, 20.3) 0.5 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 speci}c 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 42.6 (38.1, 47.5) 83.2 (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) 72.1 (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 38.9 (34.2, 44.1) 66.1 (63.0, 69.1) 0.2 0
TabPFN-TS 39.6 (34.6, 44.7) 64.4 (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 29.1 (23.2, 35.7) 43.7 (39.5, 48.3) 1113.5 3
Stat-Ens 20.2 (14.3, 24.8) 43.7 (39.1, 48.4) 148.6 11
AutoARIMA 20.6 (14.8, 25.9) 40.5 (36.6, 44.5) 19.5 10
CatBoost 23.0 (17.0, 29.8) 34.8 (30.8, 38.6) 46.6 0
AutoETS -26.8 (-64.8, -0.6) 32.2 (26.7, 37.8) 3.5 3
LightGBM 21.7 (15.0, 28.5) 32.1 (27.9, 36.1) 4.8 0
AutoTheta 5.5 (-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 speci}c tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [25].
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Model p-value Sig.

TimesFM-2.5 1.68× 10
−7 ***

TiRex 1.31× 10
−7 ***

Toto-1.0 1.60× 10
−9 ***

TabPFN-TS 1.05× 10
−10 ***

CatBoost 3.62× 10
−12 ***

LightGBM 1.27× 10
−12 ***

Moirai-2.0 1.36× 10
−13 ***

Stat-Ens 4.44× 10
−14 ***

Chronos-Bolt 9.63× 10
−15 ***

TFT 9.63× 10
−15 ***

AutoETS 4.85× 10
−15 ***

DeepAR 1.91× 10
−15 ***

PatchTST 1.47× 10
−15 ***

AutoARIMA 1.26× 10
−15 ***

AutoTheta 4.36× 10
−16 ***

Naive 4.61× 10
−17 ***

SeasonalNaive 4.22× 10
−17 ***

(a) Point forecasting (MASE)

Model p-value Sig.

TiRex 1.65× 10
−7 ***

TimesFM-2.5 1.24× 10
−8 ***

Toto-1.0 1.27× 10
−10 ***

TabPFN-TS 3.27× 10
−12 ***

Moirai-2.0 1.30× 10
−14 ***

Chronos-Bolt 2.43× 10
−15 ***

TFT 1.02× 10
−15 ***

Stat-Ens 5.55× 10
−16 ***

AutoARIMA 2.47× 10
−16 ***

PatchTST 2.44× 10
−16 ***

DeepAR 2.39× 10
−16 ***

AutoETS 1.94× 10
−16 ***

AutoTheta 5.71× 10
−17 ***

LightGBM 4.59× 10
−17 ***

CatBoost 4.59× 10
−17 ***

SeasonalNaive 3.31× 10
−17 ***

Naive 3.31× 10
−17 ***

(b) Probabilistic forecasting (SQL)

Table 4: Holm-Šidák (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 22.2 (15.7, 28.9) 62.0 (54.0, 68.2)
Stat-Ens 19.6 (12.4, 27.4) 60.2 (47.2, 72.5)
Toto-1.0 22.3 (16.2, 28.5) 54.0 (44.1, 65.4)
DeepAR 18.4 (12.0, 24.9) 52.5 (41.0, 63.0)
TFT 19.2 (12.2, 26.1) 47.7 (35.2, 59.7)
Moirai-2.0 19.8 (13.2, 26.9) 46.6 (35.5, 59.3)
PatchTST 17.7 (10.9, 24.5) 46.1 (34.9, 57.3)
Chronos-Bolt 20.4 (14.7, 26.7) 45.7 (38.3, 52.8)
AutoARIMA 16.0 (8.5, 24.2) 41.4 (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 speci}c
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 41.7 (31.0, 52.1) 69.1 (60.5, 76.9)
TimesFM-2.5 42.4 (31.7, 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) 49.4 (38.3, 60.6)
Chronos-Bolt 39.3 (29.2, 49.3) 49.1 (42.6, 55.9)
PatchTST 32.5 (15.8, 45.0) 48.0 (36.3, 59.9)
Stat-Ens 33.0 (22.0, 44.0) 44.4 (34.0, 54.6)
TabPFN-TS 32.6 (21.6, 44.2) 41.8 (32.2, 51.9)
AutoARIMA 30.4 (18.2, 42.6) 31.2 (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 speci}c
tasks were imputed with the baseline (Seasonal Naive) score, as described in ref. [9].

Model p-value Sig.

DeepAR 0.045 *
Stat-Ens 0.045 *
TFT 0.045 *
TimesFM-2.5 0.045 *
TiRex 0.035 *
Moirai-2.0 0.031 *
Toto-1.0 0.028 *
PatchTST 0.026 *
Chronos-Bolt 0.0027 **
AutoARIMA 0.0021 **
TabPFN-TS 4.60× 10

−4 ***
Seasonal Naive 2.24× 10

−6 ***

(a) Point forecasting (MASE)

Model p-value Sig.

DeepAR 0.046 *
PatchTST 0.046 *
TFT 0.046 *
TimesFM-2.5 0.046 *
Toto-1.0 0.046 *
Moirai-2.0 0.033 *
TiRex 0.028 *
Stat-Ens 0.0050 **
Chronos-Bolt 0.0019 **
TabPFN-TS 0.0017 **
AutoARIMA 4.01× 10

−4 ***
Seasonal Naive 4.47× 10

−7 ***

(b) Probabilistic forecasting (WQL)

Table 7: Holm-Šidák (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 29.5 (25.5, 34.2) 82.3 (78.9, 85.6)
TiRex 27.6 (23.8, 31.8) 76.1 (71.9, 79.7)
Moirai-2.0 27.2 (23.3, 31.5) 71.1 (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 16.6 (10.0, 22.1) 55.8 (52.1, 59.8)
PatchTST 15.1 (9.4, 20.9) 46.8 (42.9, 51.0)
TFT 8.5 (-0.4, 16.1) 38.5 (34.1, 43.3)
Stat-Ens -52.6 (-111.6, -12.2) 33.9 (29.5, 38.5)
AutoARIMA -7.4 (-42.3, 4.8) 31.4 (27.0, 35.7)
Seasonal Naive 0.0 (0.0, 0.0) 26.2 (22.4, 30.3)
AutoETS -21.2 (-34.8, -10.3) 23.7 (19.0, 28.5)
AutoTheta -9.0 (-17.4, -1.0) 23.1 (18.8, 27.8)
DeepAR -34.3 (-58.1, -16.8) 20.8 (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 speci}c 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 50.2 (45.7, 54.4) 79.0 (75.0, 82.4)
Toto-1.0 48.6 (43.9, 52.9) 73.0 (69.2, 76.4)
Moirai-2.0 48.4 (43.7, 52.8) 69.1 (65.2, 72.8)
TabPFN-TS 43.1 (37.9, 48.0) 60.7 (56.6, 64.4)
Chronos-Bolt 42.6 (36.5, 48.1) 59.6 (54.6, 64.7)
PatchTST 41.3 (36.3, 46.2) 52.2 (48.8, 56.0)
TFT 39.5 (34.0, 45.1) 49.5 (45.2, 54.4)
DeepAR 14.7 (1.9, 24.9) 31.2 (26.5, 35.8)
Stat-Ens 10.3 (1.9, 18.7) 29.4 (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) 17.7 (13.6, 22.2)
AutoETS -648.9 (-3747.6, -94.4) 17.0 (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 speci}c tasks
were imputed with the baseline (Seasonal Naive) score, as described in ref. [26].

38



Model p-value Sig.

TimesFM-2.5 0.097
TiRex 3.76× 10

−5 ***
Moirai-2.0 6.38× 10

−7 ***
Chronos-Bolt 4.04× 10

−7 ***
Toto-1.0 1.09× 10

−8 ***
TabPFN-TS 5.22× 10

−13 ***
TFT 8.96× 10

−15 ***
AutoARIMA 2.24× 10

−15 ***
PatchTST 2.24× 10

−15 ***
Stat-Ens 1.25× 10

−15 ***
AutoETS 3.76× 10

−16 ***
Seasonal Naive 1.85× 10

−16 ***
DeepAR 1.72× 10

−16 ***
AutoTheta 1.64× 10

−16 ***

(a) Point forecasting (MASE)

Model p-value Sig.

TimesFM-2.5 0.22
TiRex 0.0090 **
Toto-1.0 3.80× 10

−5 ***
Moirai-2.0 3.50× 10

−6 ***
Chronos-Bolt 1.43× 10

−7 ***
TabPFN-TS 1.57× 10

−9 ***
TFT 4.45× 10

−12 ***
PatchTST 9.36× 10

−13 ***
DeepAR 3.01× 10

−15 ***
AutoTheta 1.54× 10

−16 ***
AutoARIMA 1.33× 10

−16 ***
Stat-Ens 1.28× 10

−16 ***
AutoETS 1.26× 10

−16 ***
Seasonal Naive 8.53× 10

−17 ***

(b) Probabilistic forecasting (WQL)

Table 10: Holm-Šidák (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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