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We present t0-alpha, an open-weights 102M-parameter foundation model for forecasting with multivariate

context. The model conditions its forecasts on target history, past covariates, and known-future covariates,

without task-specific retraining. Its transformer layers alternate attention along time and across variates, and

it produces probabilistic forecasts through quantile predictions. Pretraining combines curated public data

with synthetic generator families constructed to contain covariate-to-target dependencies. On GIFT-Eval,

t0-alpha achieves an aggregate CRPS of 0.4941. On fev-bench, it achieves a skill score of 42.2. Sup-

plying known-future covariates improves skill by 6.3 percentage points across 30 tasks. It reduces scaled

quantile loss of the predictions by 51% on German day-ahead electricity price predictions and by 43% on

daily Rossmann sales. We also report results for t0-beta, a 256M-parameter successor released with this

report, which places among the strongest zero-shot models compared here. It achieves a CRPS of 0.4738

and a MASE of 0.6865 on GIFT-Eval, third on both metrics and within 4.0% of the best zero-shot TSFM. On

fev-bench it obtains a skill score of 46.4, ranking third again and 2.3 percentage points behind the leader.

These results make t0-beta one of the best open-weights models with multivariate support released to

date.
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T E C H N I C A L R E P O R T

1 Introduction

Organizations plan against the future they expect. How much energy a region will consume next week, how many
data centers to build over five years, whether demand for winter clothing rises next season: energy management,
capacity provisioning, inventory management, and staffing all rest on a forecast.

Forecasting methods have moved from simple baselines to statistical models, then to deep learning, and most
recently from task-specialized models to general time series foundation models (TSFMs). The naive forecast
repeats the last observed value across the whole horizon, and a seasonal naive forecast repeats the value
observed one seasonal period earlier. Above them sit models fitted to data. ARIMA [11] and gradient-boosted
trees such as XGBoost [13], CatBoost [57], and LightGBM [34] took the top places in the 2020 M5 forecasting
competition [45] and were until recently the de facto choice. Every model of that generation is fitted anew for
each dataset, and refitted as the distribution shifts, with manual tuning and feature engineering at each turn.

Time series foundation models such as Chronos [5], Moirai [72], Toto [15], and t0-alpha, the subject of this
report, can forecast a dataset unseen at training time, thus achieving so-called zero-shot forecasting. Pretrained
once on a large and diverse corpus, they generalize at inference time as large language models do, and the
best of them now beat tuned task-specific baselines on public benchmarks [2]. Most of them, however, read one
univariate series and nothing else. Forecasting problems rarely come that bare. Demand responds to promotions,
holidays, the weather and local events, and the items of a catalog move together (Figure 1). We built t0-alpha
to forecast conditioned on that context.

This report also introduces t0-beta, its open-weights 256M-parameter successor, which places third on GIFT-
Eval and third on fev-bench among the zero-shot models we compare, and carries its largest margins on the
tasks that come with covariates.

Our contributions are as follows.

1. An open-weights artifact. A 102M-parameter TSFM released on Hugging Face, with an inference Python
package (tfc-t0) and a notebook that reproduces our GIFT-Eval results.

2. An architecture that leverages covariates through alternating attention. Besides relying on attention
along the time axis, the model attends across variates, which carry the past and known-future covariates
alongside the target.

3. A thorough evaluation of covariate lift and deployment properties. On the fev-bench public benchmark,
passing covariates to the same model checkpoint raises skill by 6.3 points on the tasks with known-future
covariates and by 2.7 points on those with past covariates only. The gains concentrate where a covariate
plausibly drives the target. Beyond accuracy on the public benchmarks, we evaluate and report the properties
a TSFM needs for deployment on real applications. We validate the calibration of t0-alpha and the behavior
of its tails, measure its resilience to gaps in the context history, study how its accuracy holds as the context
shortens, check that its rank is stable across the eleven metrics the leaderboard records, and benchmark it on
an electricity-demand case study.

2 Problem Formulation

A time series is a collection of related variates indexed by the same time axis, where a variate is a quantity
observed at successive time steps, y1:T = (y1, . . . , yT ) with yt ∈ R for every t. When a time series has a single
variate it is said to be univariate. The time series is then synonymous with its variate. Real-world applications
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Figure 1. Illustrative example of a time series problem involving multiple covariates. Demand must be forecast for two retail
items in stores across different cities and countries, using historical temperatures, known-future promotions, and the product
description.

typically involve multivariate time series. For instance, a retailer might forecast the demand for seasonal items
based on temperature and promotions across different cities (Figure 1).

The variates of a time series differ in the role they play, and in when their values become available. A time series
holds V ≥ 1 target variates y = (y

(v)
1:T )

V
v=1, the quantities to forecast. It may also hold P ≥ 0 past covariates

x = (x
(p)
1:T )

P
p=1, observed over the context 1:T only, and F ≥ 0 known-future covariates z = (z

(f)
1:T+H)Ff=1,

observed over the context and over a horizon of H steps. Covariates differ from target variates in that they carry
information the forecast can use but are not themselves predicted for the task at hand. Figure 1 illustrates this
distinction as the task is to predict item demands with the help of weather information, and not predicting the
weather itself. A time series may include static covariates as well, which do not vary in time, such as the category
of a product or the format of a store. We leave static covariates to future work.

Forecasting starts from an information cutoff datetime, the time step T that bounds the context and after which
nothing is observed, except for future covariates. Given a prediction length of H steps, the task is to predict the
targets over T+1, . . . , T+H from the context, that is everything observed up to T , together with any known-future
covariates over the prediction length itself.

A model can answer that task with a single value per time step, but this is rarely enough. Most applications
require predictions with associated probabilities. For instance, staffing and energy-trading decisions hinge on
how costly the worst plausible outcomes are, not on the expected outcome alone. Models are thus expected to
predict multiple values for each time step, corresponding either to different samples or to quantile levels directly.

Given a set of Q = |Q| quantile levels Q ⊂ (0, 1), a TSFM produces a forecast ŷ(v),qT+h ∈ RV×H×Q, an estimate of

the q-quantile of the marginal distribution of y(v)T+h conditional on everything observed (Equation 1).

ŷ
(v),q
T+h = fθ(y1:T ,x1:T , z1:T+H)

(v),q
h , v ∈ [V ], q ∈ Q, h ∈ [H]. (1)

The goal of a TSFM, fθ, is to predict ŷ for any time series, regardless of V , P , F , T , and H - that is, regardless
of how many targets and covariates it carries, how much context it provides, and how long a horizon is required.
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3 Related Work1

Traditional statistical methods Forecasting vastly predates deep learning. The roots of modern forecasting
may be found in antiquity, when Babylonian scholars turned centuries of recorded observations into omen-based
inference and, by the first millennium BCE, eclipse prediction [61, 65]. As such, forecasting methods have evolved
throughout the years [32]. Three families account for most of the practice that came before foundation models:
the autoregressive integrated moving average (ARIMA) family [11], exponential smoothing, and gradient-boosted
decision trees (GBTs). Each of them fits its parameters to one series or one dataset at a time.

As its name suggests, ARIMA combines three mechanisms. It is autoregressive: the next value is regressed
on the values that precede it. It takes a moving average: the error term of that regression is itself a linear
combination of past errors. And it is integrated : both apply to the differences between consecutive time steps
rather than to the raw series, a transformation that removes trend. Each mechanism carries an order, which
dictates the number of associated parameters that are fitted at training time. Variants extend the same core with
seasonal terms (SARIMA [12]), exogenous regressors (ARIMAX [51]), and a vector form for several series at
once (VARIMA [44]).

Exponential smoothing methods produce forecasts by averaging the history of a time series, modulating each
observation by a factor that shrinks exponentially with time. They are described by the ETS framework, whose
name comes from the three components it considers: error, trend, and seasonality [33]. Every component carries
parameters of its own.

The third family of forecasting methods, the GBTs, originates from tabular machine learning rather than from the
time series domain [24]. Nonetheless, they have been used successfully in most of the top-ranked entries of the
M5 forecasting competition [45]. Forecasting with them requires flattening the series into a table of lagged values,
calendar features, and covariates, which is how they absorb promotions or weather with no change of machinery.
The most common implementations, namely XGBoost [13], LightGBM [34], and CatBoost [57], differ in how each
tree is fitted and how categorical features are handled.

Deep learning models While ARIMA and ETS methods are limited to a few parameters fitted per time series,
deep learning methods fit many more parameters on datasets of time series, following a trend initiated by GBTs.
They also relax the assumptions made about the structure of the forecast. Nothing prescribes a decomposition
into level, trend, and seasonality. Which components matter and how they combine is now left to the model to
learn from the data.

The models that followed diverge on three axes: how a series enters the network, the architecture that processes
it, and the form of the output. On the first, DeepAR [62] and MQ-RNN [71] read the series one step at a time
through a recurrence. N-BEATS takes the whole lookback window at once, as a flat vector [50]. PatchTST cuts
it into patches of consecutive steps and treats each patch as a token, shortening the sequence attention must
cover [47]. On the second axis, the backbone is a recurrent network for DeepAR and MQ-RNN, a deep stack of
fully connected layers tied by backward and forward residual links for N-BEATS, and attention for PatchTST and
MQTransformer [23]. They differ last in the form of the output. N-BEATS and PatchTST are point-forecasters.
They produce one value per horizon step, without any information about its uncertainty. DeepAR instead emits
the parameters of a distribution at every step, and forecasts are drawn from it as sample paths. The MQ family
drops the sampling altogether and decodes every horizon step and every quantile level in a single pass.

For all their differences, the models of this generation share the same constraints: each is fitted to a single
dataset and generalizes poorly beyond it. Each is also tied to a single input schema. N-BEATS and PatchTST

1An interactive version of this section is available as a blog post: From ARIMA to Foundation Models.
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only handle univariate time series. The MQ family declares a fixed number of past, future, and static covariates
prior to training. A new dataset, or a different number of covariates, requires retraining.

Time series foundation models Foundation models supersede the previous generations through their versatil-
ity. Where prior models had to be fitted anew for every dataset, a single TSFM forecasts series from datasets it
has never seen. No retraining is required.

Their architectures vary, but along recurring axes. The first is about how a model ingests a time series. Most
TSFMs break the series into patches. Consecutive steps are grouped together, and the model produces an
embedding for each group. A patch is the closest analogue to the token of a language model, with one major
difference: language tokens are discrete, whereas time series typically hold continuous values. Moirai varies the
patch size with the frequency of the series [72]. Chronos-2 and Toto keep a single patch size, which is now the
common practice [6, 15]. Other TSFMs, like TS-ICL and Falcon-X, abandon the patch grid completely to avoid
cutting the series artificially: the former casts forecasting as timestamp-aligned regression [39], the latter maps
each variate into a shared latent space [40]. Patches reappear on the output side, where one decoded patch
covers several horizon steps. Toto-2 produces multiple patches from the same context before relying on rollout to
generate forecasts beyond a given horizon [6]. TimesFM-3.0 decodes horizon patches longer than its stride and
blends the overlap [28], while forking sequences decode a forecast from every position of the series in a single
pass, so that the overlapping horizons average part of the volatility away [56, 71].

Regardless of how a model embeds the series, the result is always a sequence of tokens. The second axis is
how these tokens exchange information. Most TSFMs are transformers whose attention runs along the time axis
[6, 15, 16]. The TiRex line is the exception, mixing along time with xLSTM blocks instead [8, 9, 54].

Most TSFMs are univariate. They take one variate per series and run attention along the time axis only. We
distinguish multi-target models, which forecast several targets of one series in a single pass, from multivariate
models, which also condition on past or known-future covariates. TSFMs with covariate support add a second
attention along the variate axis, decoupled from the first. Chronos-2, TiRex-2, and TimesFM-3.0 all alternate
the two [6, 28, 54]. A complementary line of work adds no native covariate support, and instead adapts frozen
univariate TSFMs to covariates post hoc [7, 17, 53, 59].

TSFMs also differ in the form of their output, though here they appear to be converging. One group predicts
the parameters of a distribution and draws sample paths from it. For instance, Toto took this route [15]. Most
models now emit quantiles at fixed levels instead. The Chronos family, TiRex-2, and Toto-2, the successor of
Toto, all belong to this group [5, 6, 35, 54]. Quantiles are simpler and cheaper, since sampling adds a step at
inference, but they are marginal, one per horizon step. Predicting sample paths is still advantageous where the
joint structure across steps matters.

How a model is trained follows from these architectural choices. Encoder-only models such as Chronos-2 borrow
the architecture of masked-language models, with a slightly different objective. Rather than masking patches at
random and reconstructing them, they split each training example into a context and a future window. They then
compute the quantile loss on the future window alone [6]. Decoder-only architectures such as Toto-2 rely on
teacher forcing and next-patch prediction with causal attention along the time axis [35]. The two types of models
blur under the contiguous patch masking (CPM) introduced by TiRex, where spans of patches are blanked at
random and the model must fill them in or continue past them [8]. Toto-2 and TimesFM-3.0 both reuse it [28, 35],
as does the model introduced in this report.

In contrast to the model architecture choices, pretraining corpora are more uniform across models. Most models
mix public datasets, an internal pool for the teams that hold one, and synthetic series. LOTSA [72] and GIFT-
Eval Pretrain [2] are the most common public datasets. Toto also trains on internal observability telemetry [15].
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Figure 2. The TSFM landscape on the GIFT-Eval benchmark [2]. Each model sits at its release date against its aggregate
CRPS, normalized by the seasonal-naive baseline. Ring radius represents the parameter count on a log scale, from the
2.4M of Lag-Llama to the 2.45B of Toto-2.0-2.5B. Color informs the variate capability of the model: univariate, one variate
per series; multi-target, several variates of one series forecast jointly in a single pass; or covariate support, covariates
leveraged to forecast the target. t0-alpha and t0-beta are highlighted.

The synthetic component follows the same handful of recipes almost everywhere: Gaussian-process kernel
composition [5], causal kernels [73], structural priors, and random transforms. They are then combined in varying
mixes by TiRex, TS-ICL, and Chronos-2 [6, 8, 39].

Finally, progress on TSFMs, as elsewhere in machine learning, is paced by benchmarks. The most widely
adopted are GIFT-Eval [2] and fev-bench [64]. The series of GIFT-Eval are mostly univariate and leave covariates
little if any role. The more recent fev-bench does include covariate tasks, yet univariate models such as TiRex still
sit near the top of its leaderboard. This admits two readings: univariate accuracy comes first, a model that reads
covariates but forecasts the target poorly helps no one, and the benchmark does not isolate covariate skill as
sharply as it could. The field still has room for benchmarks that target specific capabilities, covariate use among
them. Figure 2 places the models of this section on GIFT-Eval, evaluated with the continuous ranked probability
score (CRPS), which compares a full predictive distribution against the single observed value.

4 The t0 Model

We introduce t0, a model family and its architecture. This report describes t0-alpha, the first released model
of this family.

4.1 Architecture

t0 is a decoder-style patch transformer with decoupled time and variate attention. Figure 3 gives an overview of
the architecture.
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Figure 3. The t0 pipeline. (a) Time series are processed in parallel in one mini-batch. They are normalized with causal
statistics, cut into patches, embedded (b), read by a stack alternating time (c) and variate (d) attention blocks, and decoded
into quantiles, rescaled at inference into the forecast of the requested targets. (b) Embedding of one patch. (c) Time
self-attention, causal for targets and historical covariates, bidirectional for known-future ones. (d) Variate self-attention,
restricted to the variates of one time series. It is bidirectional between targets and past covariates, asymmetric for
known-future ones, to avoid a two-hop leak of future information. (e) Packing of time series of different lengths into one
mini-batch. The variate dimension is the batch dimension. Series boundaries are marked for attention and loss. (f)
Contiguous patch masking, in training and at inference, following TiRex [8]. The figure layout is inspired by Figure 1 of
Chronos-2 [6].

Input preparation Values are normalized one variate at a time, then cut into patches of 32 steps. Targets y and
past covariates x are standardized with causal running statistics. The mean µt and standard deviation σt at step
t are computed from y1:t alone. An arcsinh transform follows, which compresses heavy tails while staying linear
near zero. Chronos-2 popularized it for time series [6]. Known-future covariates z are observed over the whole
span 1:T+H by definition, so they are standardized with statistics over that entire length.

In training, input and target are not scaled with the same statistics. For a forecast issued at T , dropping the
variate index v, the model reads the left-hand side and predicts the right-hand side of

ỹt = arcsinh

(︃
yt − µt

σt

)︃
for t ≤ T, ỹT+h = arcsinh

(︃
yT+h − µT

σT

)︃
for h ∈ [H]. (2)

Each input step is scaled with the statistics available at that step, its own value included, whereas every target
step is scaled with the statistics frozen at T , which never include the target itself, since nothing later is available
when the forecast is issued. The model must therefore predict any change of level or spread over the horizon
itself. At inference, the prediction is brought back to the data space by inverting the same transform, ŷqT+h =

µT + σT sinh
(︁
ˆ̃yqT+h

)︁
. No information past T reaches the model through scaling.
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Missing values Time series often contain missing values. We track them with a binary mask alongside the
values. Every non-observed step is excluded from the normalization statistics and the loss.

Embedding Each patch is embedded from three channels of 32 entries: the standardized values, a within-patch
time index, and the validity mask of every step. The time index ranges linearly from 0 to 31/32 over the patch.
The three are concatenated and projected by a residual block. The output is added to a learned embedding of
the role of the variate (either target y, past covariate x, or known-future covariate z). The encoder is adapted
from Chronos-2 [6]. No timestamp or frequency feature is required by the encoder.

Attention layers Covariate support hinges on the layer stack at the heart of t0, which alternates time and variate
attention. Both operate on the embedded patches rather than on the original time steps.

Time attention is causal self-attention along the patch sequence of each variate. It uses rotary position embed-
dings [66] indexed by patch position. There is one rotary unit per patch. The offset of the time step within a
patch is only considered by the model through the embedding. The rotary embedding scales queries and keys
by reciprocal position-dependent factors [68], so that each attention score decays exponentially with the distance
between the two patches. Far-away patches thus weigh less, which keeps attention stable on contexts longer
than any seen in training. The time attention is causal for target y and past covariates x, while known-future z

attend bidirectionally over 1:T+H . It is how accessible information placed over the horizon is read.

Variate attention is self-attention across variates at each patch position, with no positional encoding to remain
permutation equivariant since variates carry no natural order. The attention is asymmetric. While target y and
x attend to one another, known-future z are read by the two other roles without attending back. This avoids a
two-hop future information leakage that the alternating attention would otherwise open. Indeed, a known-future z

attends over its whole span, so had it absorbed target content at some step s, a later time layer would carry that
content to every earlier step t < s, and a later variate layer would hand it to the target at t.

Attention layers are arranged in a repeating pattern of two time-attention layers followed by one variate-attention
layer. t0-alpha has 24 attention layers in total: 16 for time, 8 for variates. Each attention block uses pre-norm
with RMSNorm [75] and is followed by a SwiGLU residual feed-forward layer [63]. They also normalize queries
and keys per head before the attention product to prevent the softmax from saturating, following QK-norm [18, 29].
A final RMSNorm closes the stack.

Decoder The decoder turns the representation of a patch into a forecast. It is a residual block, a two-layer
perceptron with a linear skip connection, applied to every patch in parallel. Under causal attention, the represen-
tation of the patch ending at step T summarizes everything observed up to T . The decoder reads it and predicts
the next patch, the 32 steps T+1, . . . , T+32, at the five native quantile levels Q0 = {0.1, 0.25, 0.5, 0.75, 0.9}.
Every patch boundary therefore sits at information cutoff date. The output ˆ̃y(v),qT+h is rescaled to the data space as
described in Section 4.1.

Quantile crossing is a standard defect of independently estimated quantiles, usually repaired after the fact by
rearrangement [14]. The decoder instead makes the five quantiles monotone by construction. It predicts the
lowest level directly and every other level as a positive increment on the level below. For consecutive levels
qk < qk+1 of Q0, ˆ̃y qk+1 = ˆ̃y qk +softplus(rk+1), where r is the raw decoder output and softplus(u) = log(1+ eu)

is strictly positive.

© The Forecasting Company 8
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4.2 Training

Training data t0-alpha is pretrained on five corpora (Table 1), one real and four synthetic. While pretraining
on synthetic data alone is an established alternative [21, 30, 46, 73], like most forecasting models, t0-alpha
mixes synthetic and real data.

The real corpus is the GIFT-Eval pretraining split [2]. Its 89 datasets span domains like energy, cloud operations,
transport, sales, climate, and healthcare. We rebalance the corpus. The ERA5 and CMIP6 climate collections
were excluded for their size and homogeneity, and one cryptocurrency series for its extreme variability. Most of
its series are univariate. Past covariates account for about a sixth of its values, and fewer than one series in ten
carries more than one target.

The four synthetic corpora supply most of the multivariate series, each from one generator family. Kernel-
composition generators sample Gaussian processes with randomly composed kernels, in the spirit of Kernel-
Synth [5]. Causal-graph generators sample structural causal models in which nodes are time series and edges
define causal dependencies among them. Nodes are then randomly assigned to targets, past covariates, or
known-future covariates. This allows for the simulation of complex yet realistic data-generating processes, where
each time series results from multiple interacting causes (see, e.g., [39, 55, 73] for more details). Covariate-effect
generators build multivariate samples from hand-designed effect families with known ground truth: level shifts
and closures, spikes, interactions between covariates, lag and lead responses, and decoy covariates carrying
no signal, with both past and known-future covariates. A mixing augmentation combines real series into convex
mixtures, in the spirit of TSMixup [5].

Table 1. Training corpora of t0-alpha and probability of each data pool over three different phases of the training. Series
and target steps are computed as the total for each corpus.

Draw probability

Corpus Covariates Series Target steps 0–40k 40–80k 80–150k

GIFT-Eval pretrain, rebalanced past, in part 2.97M 24.9B 12% 10% 8%

Mixing none 10.0M 21.2B 39% 35% 26%

Kernel composition none 10.0M 81.9B 39% 35% 26%

Causal graph past and future 1.00M 22.5B 9% 18% 36%

Covariate effects past and future 0.10M 0.11B 1% 2% 4%

The mix of the five corpora changes over training, in the manner of curriculum learning [10]. Series are drawn
from two pools. A multivariate pool is made of the causal-graph and covariate-effect corpora, and a pool of the
other three, which is mostly univariate. A draw first picks a pool, then a series uniformly within it, so a corpus
weighs in proportion to its series count within its pool. The multivariate pool receives 10% of the draws over the
first 40k steps, 20% over the next 40k, and 40% from step 80k on (Table 1). The model is thus first exposed
to mostly univariate series, and the share of multivariate ones grows from a tenth to two fifths. The schedule
rests on the assumption that leveraging multivariate information is the harder skill, and easier to learn once the
behavior of a single series is captured.

Each series undergoes a few transformations on the fly. A window of 8192 steps is cut at a random position, or
the whole series when shorter. Its edges are jittered by up to one patch, so during training the model sees series
padded at their start. Patch boundaries also fall on varying steps of the same time series whenever it is sampled
multiple times. Missing values are flagged in the mask and their slot filled with zero.
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Loss objective Since the model predicts quantiles directly, it is trained with the quantile loss that underlies
the CRPS, as are Chronos-2 and the TiRex models [6, 8, 54]. Every patch boundary of a target variate is an
information cutoff datetime T at which the decoder predicts the next 32 steps at the five native levels. Each
predicted step is scored against its observation in the normalized space of Equation 2, both scaled with the
statistics frozen at T . The CRPS of a quantile forecast is an integral of pinball losses over quantile levels [25, 38],
which we discretize over Q0 by the centered rectangle rule. Dropping the variate index as in Equation 2, the loss
of step h is

ℓT,h =
∑︂
q∈Q0

2wq ρq

(︂
ỹT+h − ˆ̃y q

T+h

)︂
, ρq(u) = u

(︁
q − 1{u < 0}

)︁
, (3)

where ρq is the pinball loss [36]. The weight wq of a level is the width of the cell between the midpoints to its
neighbors, the two outer cells extended to 0 and 1. w = (0.175, 0.2, 0.25, 0.2, 0.175), summing to one. The
pinball losses at 0.1 and 0.9 thus stand in for the whole tails, and nothing in training asks the model to place a
level beyond them.

The model is trained for next-patch prediction. Every patch of a series, but the first, is considered as the target
predicted from the context of the previous patches. The loss is computed on the time steps of the target patch.
Each of the 32 steps of a predicted patch is scored against its observed value with Equation 3. Only target
variates are scored. The model also predicts the past covariates, but their outputs are masked out of the loss,
so a covariate influences a forecast through attention alone. Missing values and padded steps are discarded
from the loss. The loss is then averaged per variate row of the mini-batch, then across rows. With Sr the scored
positions (T, h) of row r and R the rows holding at least one,

L =
1

|R|
∑︂
r∈R

1

|Sr|
∑︂

(T,h)∈Sr

ℓT,h. (4)

Packing As the length of time series varies across samples and domains, the training pipeline must cope with
this variability. A simple strategy is to pad every series to a maximum length, which wastes compute on padding.
Instead, following large language model training practice [19, 37, 60], time series are packed during training, as
in Figure 3(e). Language model packing fills one axis, the sequence of tokens, because text is one-dimensional.
t0 packs in two dimensions. A time series is a 2D block whose dimensions are variate and time. A series with
n variates and ℓ steps occupies a rectangle of n rows by ℓ columns. During training, time series are tiled in a
pack of 128 variate rows by 8192 time steps. Several series land side by side along the time axis and several
are stacked along the variate axis. Building a mini-batch this way is a two-dimensional bin-packing problem [42].
For t0-alpha, the packer draws a buffer of candidate series, fills the grid with those that fit the space left, and
discards the remainder. Figure 3(e) shows one such grid. A multivariate series occupies a block of several rows,
a univariate one a single row, and the cells no series fits are left unused.

The packing idea for time series originates from Toto, which stacks independent multi-target time series along
the variate axis [15]. To avoid the spill of information from one time series to another, the packing adds a mask
identifying the time series each time step of a mini-batch belongs to, similarly to Chronos-2 [6]. This mask is used
both by the attention layers and the loss computation. Additionally, each time series is padded to a multiple of the
patch size, so every patch includes information about a single time series. To our knowledge, t0 is the first model
family to rely on this two-dimensional time series packing for training.

Contiguous patch masking The training employs the contiguous patch masking strategy introduced by TiRex
[8] and adopted since by TiRex-2, Toto-2, and TimesFM-3.0 [28, 35, 54]. Contiguous spans of target patches
are blanked from the input, as in Figure 3(f), so the model has to reconstruct them from the surrounding context.
Spans of one to sixteen patches are blanked at random on each target row independently. The training objective,
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however, remains the next-patch prediction loss. It is computed at every patch boundary, whether or not the
patches read by the model were blanked, which keeps a high proportion of patches contributing to the loss.
Figure 3(f) shows one blanked span and the prediction every patch still emits for the next.

Training run t0-alpha was trained from scratch on a single node with four NVIDIA H100 80 GB GPUs, using
data parallelism and mixed-precision bfloat16. The released checkpoint was saved at step 150k after 28
hours. Each GPU processes one pack of 128 variate rows by 8192 steps per optimization step. The model has
been trained on 5.4 × 1011 observed time steps, counting every variate of every series, targets and covariates
alike. The optimizer is AdamW [43] with a peak learning rate of 3 × 10−4, a weight decay of 0.01. The learning
rate follows a linear warmup over the first 5k steps, then a cosine decay down to 5× 10−5 at step 150k. Gradient
clipping was set at a global norm of 1.

4.3 Inference

At inference, the model must produce the forecast ŷ(v),qT+h over a prediction length of H steps (Equation 1). Because
it was trained with contiguous patch masking, two regimes are distinguished by this length. When H is at most
1024 steps, the horizon is appended to the context as blanked patches and a single forward pass yields the
quantiles at every step h ∈ [H] and every native level q ∈ Q0, the inference half of Figure 3(f). This already
extrapolates the training regime, where at most 512 target steps were blanked at once. When H is larger, the
model performs a rollout, following Toto-2 [35]. Forecasts are produced by chunks of 1024 steps, each chunk
being folded back into the context, until the full horizon is covered.

In a rollout, the context must be extended with the previous forecast. Rather than feed a single point path back,
we replicate the context into |Q0| = 5 paths, one per native level, and the path of level q is extended with its own
quantile predictions ŷ(v),q. So the uncertainty of one chunk is carried into the next. Each path then yields five
quantiles. These values are pooled, weighted by the probability mass of their path and of their level, and reduced
back to the five native levels as weighted quantiles. This reduced prediction is merged into the previous context
and fed back to the model for the next iteration. The rollout thus follows several paths and reduces them at every
chunk. This is the strategy of Chronos-2 [6], whereas Toto-2 feeds only the median back [35]. Reducing to the
median is simpler, but it can oversmooth the forecast. Following one path per quantile level is expected to limit
this smoothing, at the cost of a more expensive inference, since the batch is inflated by the number of paths.

The full stack has approximately 102M parameters. Table 2 summarizes the configuration of t0-alpha.

5 Evaluation

5.1 Public benchmarks

We evaluate t0-alpha on three public benchmarks: GIFT-Eval for univariate accuracy, fev-bench for accuracy
with covariates, and TIME for accuracy on datasets assembled to lie outside public pretraining corpora.

The comparison is against other TSFMs. Every rank we report is to be understood within the list of released
zero-shot checkpoints. The public leaderboards are wider. They include traditional statistical systems that are
systematically outperformed, but also agentic systems, ensembles and fine-tuned entries. These systems gen-
erally route, ensemble or search over one or more pretrained forecasters rather than provide forecasts directly
themselves. t0-alpha is a candidate component of such a pipeline rather than an alternative to one, so we
leave those entries out of the ranking.
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Table 2. t0-alpha architecture summary.

Parameters ≈102M

Layers 24 (16 time-attention, 8 variate-attention)

Layer pattern 2 time layers, then 1 variate layer

Embedding dim 512

Feed-forward dim 2048 (SwiGLU)

Attention heads 8

Patch size 32

Norm pre-norm RMSNorm, QK-norm, final RMSNorm

Quantile head monotone by construction (cumsum-of-softplus)

Positional encoding RoPE by patch position (time axis only)

Native quantile levels 0.1, 0.25, 0.5, 0.75, 0.9

Single-pass horizon up to 1024 steps

Trained blanked span up to 512 steps

The results of this section mostly concern t0-alpha. We also report results on the public benchmarks for
t0-beta, its successor. When no model is named, a result concerns t0-alpha. Among the released zero-
shot models of the three tables, t0-alpha ranks 11th of 17 on GIFT-Eval by CRPS, 12th of 20 on fev-bench by
skill score and 8th of 12 on TIME by CRPS. t0-beta would enter the same tables third, third and fifth, and it
holds third place on GIFT-Eval under MASE as well as CRPS.

A rank alone hides how close these models are. TimesFM-3.0 leads GIFT-Eval at 0.4557 CRPS, and t0-beta
passes Toto-2.0-2.5B by 0.0021 of CRPS, 0.45% in relative terms, and under MASE as well, with a tenth of its
parameter count. t0-beta is 4.0% of CRPS short of the top of GIFT-Eval, 2.3 skill points short of the top of
fev-bench and 3.5% of CRPS short of the top of TIME, and t0-alpha is 5.8% of CRPS short of second place
on GIFT-Eval.

The model runs the same way on the three benchmarks. It reads a context of at most 8192 steps. Longer time
series are trimmed to their last 8192 steps. Shorter ones are left-padded to the next multiple of the 32-step patch.
The model returns the five native quantiles that are used for evaluation. Whenever a benchmark asks for another
level, it is obtained by interpolation between the two neighboring native levels. Point metrics such as MASE are
computed on the median.

One and only checkpoint serves the three benchmarks, as it does for most of the models we compare with.
TiRex-2 is however an exception. It enters GIFT-Eval and fev-bench with a different checkpoint for each. It is the
same architecture but trained on different data, so its rows in the two tables are less comparable than the others.
Additionally, some models like Granite-PatchTST-FM or TiRex-2 do not appear in all the three benchmarks. When
it is the case, we report model results only for the benchmark they have been publicly run on.

Several studies below run on a 12-pair subset of GIFT-Eval spanning all seven domains and frequencies from
15-minute to monthly, chosen so that peer checkpoints could be run under identical conditions within our compute
budget. Table 13 in Appendix A lists the twelve datasets.

5.1.1 GIFT-Eval

GIFT-Eval [2] has become the standard benchmark for pretrained forecasting models. It comprises 97 forecasting
tasks built from 23 datasets across seven domains, with frequencies from seconds to years and univariate as well
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as multivariate series. A task pairs a dataset, sampled at one frequency, with a forecast term that sets the horizon
length to predict. Each task provides a context from which to predict and a target to compare the forecast against.

We compute two metrics, CRPS and MASE, which measure the accuracy of the probabilistic forecast and of the
median point forecast, respectively. MASE is the mean absolute error of the forecasted median over the target
windows, scaled per series by the in-sample mean absolute error of the seasonal naive forecast. This scaling
makes errors comparable across series of different magnitude. The CRPS is approximated using the weighted
quantile loss and normalized by the target magnitude: for each of nine quantile levels, q ∈ {0.1, 0.2, . . . , 0.9},
twice the pinball loss is summed over every series and horizon step of a dataset and divided by the summed
absolute value of the target; the nine values are then averaged. Each metric is then normalized by the value
the seasonal naive forecast obtains on the same dataset, frequency and horizon configuration. Consequently,
an error of 1 indicates the method matches the baseline, and lower is otherwise better. The overall score is the
geometric mean of these normalized values over the 97 configurations.

GIFT-Eval carries covariates on few of its series, but we use none. Every variate is forecast on its own, from its
own past. We therefore use GIFT-Eval to measure univariate zero-shot accuracy. Consequently, the model could
even get better results by using the covariates that are present. On this protocol t0-alpha reaches an aggre-
gate CRPS of 0.4941 and a MASE of 0.7240. Table 3 places these scores next to those of the other zero-shot
models, sorted by CRPS, under which t0-alpha is 11th of the 17 leaderboard models. Under MASE it would
be 12th. t0-beta reaches a CRPS of 0.4738 and a MASE of 0.6865 on the same 97 pairs. It enters Table 3
third by CRPS and third by MASE, behind only TimesFM-3.0 and Granite-PatchTST-FM. It passes Toto-2.0-2.5B
by 0.45% of CRPS, and under MASE as well, while carrying a tenth of its parameters. Against t0-alpha it
lowers CRPS by 4.1% and MASE by 5.2%.

GIFT-Eval aggregates over tasks to produce a final benchmark value. However, investigating the individual
tasks underlying this value can provide additional insights. We therefore split the benchmark by domain and
frequency and compare t0-alpha with five models ranked above it. For each model, we compute the win rate
of t0-alpha, defined as the fraction of the 97 dataset/term pairs in which its CRPS is strictly lower than that of
the compared model, broken down by domain and frequency class (Figure 4). Over all pairs, t0-alpha performs
on par with TiRex (win rate 0.51, CI 0.40–0.61) and TimesFM-2.5 (0.49, CI 0.39–0.60), and behind TiRex-2 (0.45,
CI 0.35–0.56), Chronos-2 (0.43, CI 0.33–0.54) and Toto-2.0 (0.33, CI 0.24–0.42). Only the Toto-2.0 deficit is sta-
tistically unambiguous, its CI lying entirely below parity. By domain, t0-alpha beats both TiRex generations on
web and cloud-operations telemetry and on nature data, and Toto-2.0 on sales. By frequency, it holds its own at
hourly resolution, where it beats Chronos-2 and TiRex, but loses ground at sub-hourly resolution against Toto-2.0
and Chronos-2, and at daily, weekly and monthly frequencies against every model. However, it is not possible
to draw more general conclusions for quarterly and yearly frequencies, which contain only one dataset/term pair
each. Stratifying the ranking of Table 3 by horizon term adds one more fact: among its 17 leaderboard models,
t0-alpha ranks 12th on the 55 short-term pairs, 9th on the 21 medium-term pairs and 6th on the 21 long-term
pairs. The model climbs the table as horizons lengthen, consistent with single-pass decoding of long horizons
(Section 4.3), which suggests that its long forecasts are more stable than those of its competitors.

5.1.2 fev-bench

fev-bench [64] complements GIFT-Eval for multivariate evaluation. Whereas GIFT-Eval scores every variate on
its own, 68 of the 100 fev-bench tasks carry covariates or several targets. 42 tasks declare past or known-future
covariates and 35 several targets, with some overlap between the two. Regarding data, fev-bench also extends
GIFT-Eval. It reuses some datasets but also brings new time series to evaluate on. Each task is scored by the
scaled quantile loss, which corresponds to the quantile loss over the same nine levels, divided per series by the
in-sample mean absolute seasonal difference. It has the same denominator as the MASE for GIFT-Eval. The
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Table 3. GIFT-Eval aggregated CRPS and MASE results (lower is better). Each row corresponds to a zero-shot model.
Rows are sorted by CRPS. The best value of each column is in bold. t0-alpha is shaded green and t0-beta, its
successor, blue.

Model Params CRPS ↓ MASE ↓

TimesFM-3.0 331M 0.4557 0.6668

Granite-PatchTST-FM 385M 0.4672 0.6846

t0-beta 256M 0.4738 0.6865

Toto-2.0-2.5B 2.45B 0.4759 0.6956

TiRex-2 82.5M 0.4781 0.6973

Toto-2.0-1B 1.04B 0.4784 0.6992

Tafsut 105M 0.4809 0.6926

Toto-2.0-313m 313M 0.4814 0.7028

Chronos-2 119M 0.4854 0.6978

TiRex 35M 0.4885 0.7158

TimesFM-2.5 231M 0.4903 0.7050

t0-alpha 102M 0.4941 0.7240

Toto-2.0-22m 21.9M 0.4963 0.7188

Moirai-2.0 11.4M 0.5164 0.7281

Toto-1.0 151M 0.5173 0.7501

TempoPFN 38M 0.5327 0.7875

TabPFN-TS 11M 0.5441 0.7709

Sundial 128M 0.5590 0.7502
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Figure 4. t0-alpha per-pair win rate against the five models ranked above it, by domain and by frequency class on
GIFT-Eval. Green: t0-alpha wins the majority. Brown: it loses the majority. 0.5 is parity. Pair counts per group in
parentheses.

benchmark reports two aggregates. The skill score of a model and the win rate. The former is one minus the
geometric mean over tasks of the ratio between its loss and that of the seasonal naive baseline, each ratio clipped
to [0.01, 100] before aggregation. It is reported as a percentage, 0 matches the baseline and higher is better. The
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latter is the share of task and opponent pairs in which the model attains a lower loss than the opponent, a tie
counting one half. It depends on the models on the board and moves as entries are added, while the skill score
remains fixed. Two imputation rules apply to every entry: a task a model fails is scored as seasonal naive, and
a task whose dataset lies in the declared pretraining corpus of the model is scored as Chronos-Bolt. t0-alpha
declares eight such tasks, drawn from the GEFCom load, M5, Favorita, KDD Cup 2022 and FRED-MD datasets,
so its skill score under the rule of the benchmark, 42.2, is below the 42.9 its own forecasts obtain.

We use fev-bench to test how the model leverages covariates, following the design of the covariate ablation of
Chronos-2 [6]. We run the same checkpoint twice on every task, once with the time series covariates passed and
once with them dropped, so the difference isolates the covariate pathway. On the 58 tasks without covariates the
two runs perform the exact same pass, which we verified exactly, so the effect rests on the 42 covariate-informed
tasks. With covariates, t0-alpha attains a skill score of 42.2% and a win rate of 59.6% on all 100 tasks,
and 39.7% and 62.7%, respectively, on the 42 covariate-informed tasks (Table 4). t0-beta, whose pretraining
corpora were built to exclude every dataset declared by the benchmark, is zero-shot on all 100 tasks. Across all
tasks, it attains 46.4% in skill score and 77.2% in win rate, and on the covariate-informed tasks, 46.1% and 83.5%,
respectively. It ranks third by skill score on both slices, behind only TimesFM-3.0 and Chronos-2, and third by win
rate on the covariate-informed tasks. The win rates count both of our models as entries on the leaderboard, so
each is an opponent of the other: t0-beta beats t0-alpha on 81 of the 100 tasks. We refer to Figure 5 for a
detailed breakdown of the win rate by opponent.

Table 5 shows that t0-alpha can translate operational context into substantial forecasting gains without retrain-
ing. Passing known-future covariates raises skill from 36.7 to 43.0 across 30 tasks, a gain of 6.3 percentage
points, with improvements on 19 tasks. Passing past covariates raises skill from 32.9 to 35.6, a gain of 2.7
points, with improvements on 9 tasks. On German day-ahead electricity prices, supplying the grid operator’s
day-ahead forecasts of load and solar and wind generation reduces quantile loss by 51%. On daily Rossmann
drugstore sales, supplying planned promotions, holidays and opening days reduces it by 43%. Both comparisons
use the same t0-alpha checkpoint with and without covariates. The gains are not universal. Eleven of the
30 known-future tasks score worse with covariates, with the largest deterioration reaching 15% on a 15-minute
electricity series with weather covariates. On M5, eight covariates covering product prices, calendar events, and
food-stamp days change quantile loss by less than 2% in either direction at weekly and monthly granularities
(Figure 6). The results demonstrate the value of conditioning on informative context while identifying selective
use of noisy or uninformative covariates as a remaining challenge.

To measure further how sharply the model reads covariate alignment, we take the German price task and degrade
its two forecast covariates, shifting them in time by up to ±64 hours, permuting them, or dropping them (Figure 7).
Permutation is performed by reordering the hours of a covariate. We draw a random permutation of the time
index over the whole span the model reads, context and horizon alike, and apply it to that covariate values,
independently for each of the two. The alignment with the price is destroyed, and so is the coupling between load
and generation. The price and its history are untouched. Loss degrades smoothly with misalignment, roughly
doubling from perfect alignment to a 16-hour shift, and even permuted covariates beat dropping them, since their
marginal distribution still carries level information. The model therefore keys on the point-by-point alignment with
the target, at single-step resolution, rather than on their presence.
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Table 4. fev-bench skill score and win rate, in percent, on all 100 tasks and on the 42 covariate-informed tasks (higher is
better). Win rates are computed over the models of this table, some of which the official leaderboard does not carry, so they
can differ from the values reported there. Each row corresponds to a zero-shot model. Rows are sorted by skill score on all
tasks. The best value of each column is in bold. t0-alpha is shaded green and t0-beta, its successor, blue.

All tasks (100) Covariate-informed (42)

Model Skill (%) ↑ Win rate (%) ↑ Skill (%) ↑ Win rate (%) ↑

TimesFM-3.0 48.7 87.0 48.2 88.2

Chronos-2 47.3 81.3 47.0 85.0

t0-beta 46.4 77.2 46.1 83.5

TiRex-2 45.5 77.8 44.8 81.0

Toto-2.0-1B 44.4 76.7 38.9 68.3

Toto-2.0-2.5B 44.4 77.5 38.8 69.0

Toto-2.0-313m 44.2 75.1 38.7 66.7

TabPFN-TS-3 43.1 61.8 43.3 67.4

TS-ICL 43.1 62.4 41.9 65.6

Toto-2.0-22m 42.9 68.2 37.6 61.2

TiRex 42.6 70.0 38.7 68.5

TimesFM-2.5 42.2 66.1 37.4 62.6

t0-alpha 42.2 59.6 39.7 62.7

TabPFN-TS 41.5 56.1 42.5 65.9

CITRAS-FM 41.2 59.5 39.0 64.1

Toto-1.0 40.8 57.3 35.2 51.1

Toto-2.0-4m 40.7 56.5 35.4 50.7

FlowState 39.9 59.3 36.7 61.1

Moirai-2.0 39.3 51.6 36.6 54.4

Chronos-Bolt 38.9 51.1 35.9 52.5

Sundial 33.4 33.6 28.0 34.4

Seasonal naive 0.0 12.9 0.0 12.8

Table 5. Covariate lift on fev-bench: skill of the same checkpoint with covariates dropped and with covariates passed, by
covariate subset. Confidence intervals are 95% bootstrap intervals over tasks.

Subset Tasks Skill without Skill with Lift (95% CI) Tasks improved

Known-future covariates 30 36.7 43.0 +6.3 [+2.2,+10.9] 19 of 30

Past covariates only 12 32.9 35.6 +2.7 [+1.0,+4.2] 9 of 12
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Figure 5. Pairwise win rates on fev-bench, all 100 tasks. It represents the share of tasks on which the row model attains a
lower scaled quantile loss than the column model, a tie counting one half. The t0-alpha row and column are outlined in
green, those of t0-beta in blue.
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Figure 6. Covariate lift per fev-bench task. Scaled quantile loss of the same checkpoint without covariates (hollow) and with
them (green), on a log axis so that the length of the line joining them is the relative change. Within each covariate subset,
tasks are sorted by their loss without covariates, the lowest at the top, so the hollow marks read as a difficulty ordering. The
shaded row is the geometric mean over the tasks of the subset.
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Figure 7. Alignment sweep on the German day-ahead electricity-price task: scaled quantile loss as the two forecast
covariates, load and solar-plus-wind generation, are shifted in time by the lag on the x axis (green), randomly permuted in
time (dotted), or dropped (hollow). Zero is the published alignment.
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5.1.3 TIME

TIME [58] keeps the scoring of GIFT-Eval but replaces its data. MASE and CRPS are computed and normalized
by seasonal naive as on GIFT-Eval, then aggregated by geometric mean over 98 tasks. A task pairs one of 50
datasets, each sampled at one frequency, with a horizon set per frequency and application. The 50 datasets are
new and independent from GIFT-Eval. They span over the period between 2020 and 2025. There are no time
series with covariates in the benchmark, but 74 of the 98 tasks involve multiple targets.

On the 98 tasks t0-alpha attains a normalized MASE of 0.685 and a CRPS of 0.572 (Table 6). t0-beta

attains a MASE of 0.665 and a CRPS of 0.555, placing it 5th in Table 6 by CRPS and 6th by MASE, 3.5% of
CRPS short of the lead.

Table 6. TIME aggregated CRPS and MASE, normalized by seasonal naive per task and combined by geometric mean over
the 98 tasks (lower is better). Rows are the zero-shot models that Tables 3 and 4 also report, sorted by CRPS. The best
value of each column is in bold. t0-alpha is shaded green and t0-beta, its successor, blue.

Model CRPS ↓ MASE ↓

TimesFM-3.0 0.5363 0.6398

Toto-2.0-2.5B 0.5394 0.6419

Toto-2.0-313m 0.5423 0.6444

Toto-2.0-1B 0.5446 0.6448

t0-beta 0.5551 0.6647

Chronos-2 0.5563 0.6620

Toto-2.0-22m 0.5616 0.6703

TimesFM-2.5 0.5674 0.6686

t0-alpha 0.5721 0.6848

TiRex 0.5731 0.6831

Toto-1.0 0.5839 0.6980

Moirai-2.0 0.5885 0.7030

Sundial 0.6634 0.7575

Seasonal naive 1.0000 1.0000

TIME also scores models on groups of variates that share a temporal pattern, among the following: trend strength,
trend linearity, seasonal strength, seasonal correlation, residual autocorrelation, spectral entropy and stationarity.
Each continuous feature is cut at its median over the benchmark variates, and the score of a model on either side
of the cut is the geometric mean of its normalized MASE over those variates.

Like every model in Figure 8, t0-alpha does better on strongly trended and strongly seasonal variates, and
stationarity does not move its score.

5.2 Model capability analysis

5.2.1 Calibration

The public benchmarks above score accuracy. This section tests whether the model quantiles are calibrated. A
quantile forecast at level q is calibrated if the realized value falls below it a fraction q of the time [26]. Calibration is
what lets a forecast be used as a probability across decisions. For instance, a buyer who covers the 0.9 quantile
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Figure 8. TIME pattern-level results for the models of Table 6, in the row order of that table: their overall normalized CRPS
on the full benchmark, most accurate at the top. The x axis, shared by every panel, is the MASE normalized by seasonal
naive on the variates that carry the pattern (filled) and on those that do not (hollow). Lower is better. (a)–(f) cut a continuous
feature at its median over the variates of the benchmark; (g) is the stationarity flag of an augmented Dickey-Fuller (ADF) test.

of demand expects to run short one time in ten, whatever the series. Calibration is not sufficient on its own. A
model that ignores the context and emits the unconditional distribution of the series is calibrated in this sense
but carries no informative forecast on the horizon. Eventually calibration has to be read alongside accuracy, the
sharpness of the distribution [26]. We measure calibration through coverage, the empirical fraction of outcomes
that fall below a quantile or inside the band between two quantiles. A band can reach its nominal coverage while
both its quantiles are off in the same direction, so we report coverage per level as well as per band.

To assess calibration, we generate forecasts over all 97 dataset/term tasks without using any covariates. For
every forecast step we record whether the observation falls below each of eleven quantile levels: 0.1, 0.2, 0.25,
0.3, 0.4, 0.5, 0.6, 0.7, 0.75, 0.8 and 0.9. It corresponds to the five native levels the model produces plus the
six the package interpolates between them. We also check whether it falls inside the nominal 10–90 and 25–75
bands. We aggregate the results in two ways. First, we pool over all forecast steps, which weights a pair by the
number of steps it contributes. Second, we aggregate as an unweighted mean over datasets, which gives a small
dataset the same weight as a large one. Figure 9 shows the coverage of every pair and its mean.

Empirical coverage sits below nominal for both bands (Figure 9). Pooled over all forecast steps, the 10–90
band covers 0.784 of outcomes against a nominal 0.80 and the 25–75 band 0.478 against 0.50. The intervals
are therefore too narrow by 0.016 and 0.022. Averaged over datasets they cover 0.777 and 0.482. The pooled
median is exact, outcomes fall below it 0.500 of the time. Per level, pooled coverage stays within 0.014 of nominal
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Figure 9. Calibration of t0-alpha on GIFT-Eval. Nominal against empirical coverage (a) at the eleven quantile levels and
(b) for the two nominal bands. Faint hollow marks are single dataset/term pairs, filled marks the mean over pairs, dashed
lines perfect calibration. The labeled levels 0.1, 0.25, 0.5, 0.75 and 0.9 are native. The six between them are interpolated.

at all eleven levels. The six interpolated levels are no worse than the native ones. Their largest pooled deviation
is 0.011, the largest native one 0.013, so interpolation does not degrade coverage. Averaged over datasets,
every level from 0.2 upwards sits 0.004 to 0.025 below nominal, while pooling brings them back to nominal. The
datasets with few forecast steps, which pooling down-weights, are the ones whose quantiles run low.

5.2.2 Impact of quantile extrapolation on calibration

The model emits five quantile levels, and the released package turns them into any level a user requests. A
requested level that matches a native one is returned as is. A level between two native ones is linearly interpolated
between them. A level outside [0.1, 0.9] is clamped to the nearest native level, so every tail request inherits
the coverage of the 0.1 or the 0.9 quantile. Pooled over GIFT-Eval, a requested 0.01 quantile covers 0.109 of
outcomes and a requested 0.99 quantile 0.893 (Table 7), an order of magnitude from nominal on the left tail.

We test an alternative that needs no training: the exponential tails of the incremental quantile function (IQF) of
Park et al. [52], applied post hoc to the five native levels. Interior levels keep the released interpolation bitwise,
so every other number in this report is unaffected, and each tail is pinned through the two outermost native levels
on its side, where the original method learns a tail parameter. Figure 10 compares the two strategies over the
97 pairs. With IQF tails the 0.05 and 0.95 levels become close to calibrated, the coverage error at 0.01 drops
sixteen-fold, and no extrapolated quantile crossed a native level across the benchmark. It improves accuracy.
Normalized quantile loss at the extreme levels roughly halves, 0.064 against 0.110 at 0.01 and 0.088 against
0.164 at 0.99. Residual gaps remain, 0.016 coverage at the 0.01 level and 0.984 at 0.99, and the native levels
are untouched by construction. Pinning the tails through two fixed levels is the simplest form of the method, and
a learned tail parameter would likely close most of the remaining gap.
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Table 7. Empirical coverage of requested tail levels on GIFT-Eval (97 pairs, pooled over forecast points), under the released
flat-clamp extrapolation and post-hoc IQF exponential tails. All interior levels are identical between mechanisms.

Nominal level 0.01 0.02 0.05 0.95 0.98 0.99

Flat clamp (released) 0.109 0.109 0.109 0.893 0.893 0.893

IQF tails 0.016 0.025 0.054 0.948 0.975 0.984
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Figure 10. Reliability of t0-alpha on GIFT-Eval. Nominal against empirical coverage, averaged over pairs, at the 17 query
levels from 0.01 to 0.99 under the released flat clamp (hollow) and the post-hoc IQF tails (filled). Both axes are on a logit
scale. The dashed diagonal is perfect calibration and the dotted verticals mark the five native levels.

How a model answers a tail request is an architectural choice, and it splits the field. Chronos-2 trains its head
on 21 levels including 0.01 and 0.99, so extreme levels are learned outputs [6]. Toto draws 256 samples from a
parametric output distribution and reads empirical quantiles off them [15]. TiRex emits the nine deciles and its
package clamps beyond [0.1, 0.9] [8], as ours does. We run the three public checkpoints through the coverage
protocol on the 12-pair subset (Table 13), each reproducing its published CRPS, and restrict t0-alpha to the
same pairs (Table 8, Figure 11), so these numbers differ slightly from the 97-pair ones above. The models that
can move past their native levels, Chronos-2, Toto and t0-alpha with IQF tails, follow the diagonal, while TiRex
and the released package sit on flat segments at 0.099 and 0.893. On loss, t0-alpha with IQF tails is the most
accurate at the 0.01 level, 0.048 against 0.071 to 0.072 for the three competitors, and ties Toto at 0.99, 0.114
against 0.112. Toto buys its tails with roughly two hours of sampling on this subset, where the IQF tails are a
closed form over five numbers the head already emits. The interior tells the reverse story. The 10–90 band of
t0-alpha is the closest to its nominal 0.80 of the four models, 0.798 against 0.794 for TiRex and 0.783 for Toto,
while the intervals of Chronos-2 run narrow, 0.744, and its 0.1 level over-covers at 0.158: well-placed extremes
on a less calibrated interior.
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Table 8. Tail coverage and interior calibration across public checkpoints on the 12-pair subset (mean over pairs). Tail
columns give empirical coverage at the requested level; band columns give exact interval coverage against nominal 0.80 and
0.50.

Model 0.01 0.05 0.95 0.99 10–90 25–75

t0-alpha (clamp) 0.091 0.091 0.889 0.889 0.798 0.513

t0-alpha (IQF) 0.008 0.038 0.937 0.976 0.798 0.513

Chronos-2 0.009 0.072 0.947 0.984 0.744 0.439

TiRex 0.099 0.099 0.893 0.893 0.794 0.509

Toto 0.013 0.048 0.930 0.976 0.783 0.467
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Figure 11. Reliability across public checkpoints on the 12-pair subset at the same 17 query levels, mean over pairs, on logit
axes. The dashed diagonal is perfect calibration and the dotted verticals mark the native levels of t0-alpha. TiRex and the
released t0-alpha package share the flat clamp and sit on horizontal segments beyond 0.1 and 0.9; Chronos-2, Toto and
t0-alpha with IQF tails follow the diagonal.

5.3 Robustness to missing data

Operational history has gaps, and many foundation models, t0 among them, accept them by design: missing
values are treated as unobserved rather than imputed (Section 4.1). We quantify what they cost at inference.
On the 12-pair subset (Table 13) we inject missingness into the context window at rates from 10% to 75% under
two patterns, randomly scattered points and contiguous blocks that mimic sensor outages, both masking the
same number of points at a given rate, and measure CRPS relative to the unmodified context of the same pair.
Chronos-2 and TiRex run through the same protocol with identical seeded masks, each scored against its own
clean baseline, and both reproduce their published per-pair CRPS before injection, Chronos-2 exactly and TiRex
within 2% on 9 of 12 pairs. Table 9 and Figure 12 give the result. Deleting half the history raises the CRPS of
t0-alpha by 1.31× for scattered points and 1.28× for blocks, and deleting three quarters by 1.56× and 1.42×.
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Figure 12. CRPS relative to the unmodified context of each model against the share of context points masked, geometric
mean over the 12-pair subset, for (a) randomly scattered points and (b) contiguous blocks. Every model sees identical
injected masks. The dashed line is no degradation.

Chronos-2 degrades least at every rate and pattern, 1.27× at 75% scattered where t0-alpha loses 1.56× and
TiRex 1.50×. Part of its margin comes from its submission protocol, which forecasts the series of a dataset jointly,
so signal surviving in one series compensates masks in another. Closing this gap is ongoing work. Against our
expectation, scattered points cost more than blocks for all three models at every rate: scattered missingness
touches every patch, while blocks leave most patches fully observed. The hard cases are shared. covid_deaths
at 75% scattered costs t0-alpha 6.5×, TiRex 5.7× and Chronos-2 4.4×, since too little history survives to
anchor a forecast, while high-frequency operational series barely move for any model.

Table 9. Relative CRPS under context missingness (geometric mean over the 12-pair subset; 1.00 = the unmodified context
of each model). Chronos-2 and TiRex run under identical injected masks.

Pattern Model 10% 25% 50% 75%

Random points t0-alpha 1.12 1.18 1.31 1.56

Chronos-2 1.07 1.11 1.18 1.27

TiRex 1.11 1.22 1.32 1.50

Contiguous blocks t0-alpha 1.03 1.15 1.28 1.42

Chronos-2 1.03 1.06 1.11 1.22

TiRex 1.02 1.07 1.17 1.36

5.4 Context efficiency

Missing data removes points from a fixed window. A complementary question is how short the window can
be before accuracy suffers. Published context ablations start at 1024 points [31]. However, many operational
regimes may have even shorter context. We thus measure how the model reacts to short contexts. On the
12-pair subset (Table 13), we cap the context of every series at its c ∈ {64, 128, . . . , 8192} most recent points
and score CRPS relative to the same pair at the 8192 cap, which is the training window length. Because most
series are shorter than the larger caps, we report the realized median context alongside the nominal cap, and a
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Figure 13. CRPS relative to the full 8192-point context cap vs. realized context length on the 12-pair subset (log x-axis).
Lines are geometric means overall and per frequency band. Points are dataset/term pairs.

cap where the series of a pair are already all shorter inherits the score of the previous cap. The geometric-mean
realized context at the full cap is roughly 1,000 points.

Figure 13 shows the curve. The model is within 5% of full-context accuracy from a 1024-point cap and within 1%
from 4096. The cost of short context concentrates in high-frequency series: at 64 points, hourly pairs lose 42%
while daily-and-slower pairs lose 3.7%, because 64 daily points hold several seasonal cycles that 64 hourly points
do not. Truncation is not uniformly harmful. covid_deaths scores 22% better from its last 64 points than from
its full 182-point history, where early-pandemic dynamics mislead more than they inform, and three operational
pairs improve by 1–2% when truncated. These results show the model does not necessarily need long histories
to be competitive at daily and slower frequencies.

5.5 Rollout strategy

At inference, the model must forecast over a horizon of H steps. Because it is trained with contiguous patch
masking (CPM), it can predict several patches ahead in one pass. Following Toto-2 [35], the model falls back on
a rollout whenever H is too long for one pass. In practice t0-alpha predicts 1024 steps, i.e., 32 patches, in one
pass and it rolls out autoregressively beyond that. During the rollout it keeps one path per quantile level instead
of reducing to the median between iterations (Section 4.3).

In what follows we compare different rollout strategies on a subset of the GIFT-Eval corpus. Specifically, we
consider the sub-hourly datasets whose series are long enough: LOOP Seattle and Bizitobs-L2C at 5 minutes,
solar and Jena weather at 10 minutes, electricity, ETT1, and ETT2 at 15 minutes, with at most 32 series per
dataset, 138 in total. We request a forecast of 3072 steps given a context of 8192 steps. To follow accuracy along
the horizon, we cut it into twelve windows of 256 steps and compute, for each dataset and each window, the CRPS
as GIFT-Eval does. We compare four rollout strategies: the released 1024-step single pass re-anchored on the
8192 true steps before each iteration, which we use as baseline; the median-path reduction during the rollout;
the quantile-path reduction used for inference in t0-alpha; and a single pass with the CPM mask extended to
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the full horizon, three times the released limit. For reference, we also report an oracle forecast one patch ahead,
which predicts each 32-step patch from the 8192 true steps before it. Curves are geometric means over the
seven datasets. The first 1024 steps are the same forward pass under the baseline and the three strategies, so
their ratio is one by construction.

The baseline and the one-patch-ahead forecast stand apart from the other three. The baseline re-anchors on the
8192 true steps preceding each of its three iterations, and the one-patch-ahead forecast on the 8192 true steps
preceding each 32-step patch. These two refresh their context with observations that lie inside the horizon, so
neither is feasible for a forecast made at a single origin. They show how the model would perform with access to
that future information and bound the three strategies that do not use it: the median path, the quantile paths and
the extended single pass, which answer the 3072-step request from the context available at the origin.

Figure 14 shows the three strategies relative to the baseline. Up-to-date context makes the clearest difference.
The optimal forecast, one patch ahead from the true context, scores 0.54 times the baseline over the horizon.
The baseline itself re-anchors on the truth only every 1024 steps, and the rollouts, which never do, score 2.5 to
2.6 times the optimal over the rolled-out steps. The cost of forecasting without fresh context is large. Averaged
over datasets, the rollouts score 1.4 to 1.5 times the baseline on the third iteration and 1.6 to 1.8 times in their
worst window, steps 2048–2304. The rollout with quantile paths is almost systematically below the median path.
In seven of the eight rolled-out windows and on six of the seven datasets, by 4.8% on average. It is marginally
better than the one pass over the full horizon, 1.31 against 1.32, ahead in five of the eight windows and on four
of the seven datasets. Both the model and the rollout are stable. The one pass decodes three times the released
horizon without breaking down. No rollout strategy drifts away from the others as the iterations proceed.

The lever on long horizons is therefore context, not the reducer: the strategies differ by a few percent, re-anchoring
on observed data every 1024 steps removes the 30% the rollout costs, and re-anchoring every patch removes a
further factor of 1.9. That lever belongs to the user who can re-issue the forecast as observations land. Whoever
has to commit to the whole 3072-step horizon at one origin pays the rollout cost. Between the strategies, the
median path is dominated, less accurate than the one pass at 2.4 times its inference time. The quantile paths
cost 14 times the one pass and buy a 3% gain on the third iteration only, so the one pass is the cheap mode up
to three times the released horizon and the quantile-path rollout the accurate one at the far end of the horizon.

5.6 Use cases

5.6.1 Hourly electricity demand in Australia

This benchmark comes from skforecast [3], a Python forecasting library with a scikit-learn interface. Its user
guide on foundation models [4] backtests eight zero-shot models on the half-hourly electricity demand of Victoria,
Australia. The data are taken from the tsibbledata collection [49] and aggregated to hourly means. The
goal is to predict electricity demand given the temperature, and a holiday indicator. Temperature and holiday
are supplied over the forecast horizon as known-future covariates, so a model receives the realized temperature
of the day it forecasts. The guide backtests over one-day windows from October 31 to December 30, 2014, 61
windows in total. Each window forecasts the next 24 hours from the preceding 500 observations, three weeks
of hourly history. The score is the mean absolute error, in megawatts, of the forecast of each model over all
windows. For most models the forecast corresponds to the median. TimesFM, TabICL, and Nori however directly
produce a mean prediction. Whenever possible, we reproduced the results of the guide with its own code, on the
same backtest. Table 10 shows the results.

The guide rightly warns about leakage. The GIFT-Eval pretraining corpus [2], on which t0-alpha and many
other public models train, holds the Victoria demand series twice. The australian_electricity_demand
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Figure 14. Rollout strategy on long horizons. CRPS per 256-step window of the horizon, relative to the baseline, on 138
series from the seven sub-hourly GIFT-Eval datasets long enough for an 8192-step context plus a 3072-step horizon.
Baseline: the model predicts 1024 steps ahead in a single pass from the most recent context. One patch ahead (optimal):
the model predicts a single patch, 32 steps ahead from the most recent context. One pass: the model predicts all the
extended horizon with CPM mask covering the full 3072 steps. Rollout with median path: the median folded back at each
iteration. Rollout with quantile paths: one path per quantile level, the released strategy. Solid lines are geometric means over
datasets, while faint points are datasets. Vertical lines separate the 1024-step rollout iterations. The first iteration is the same
forward pass under the baseline, the one pass, and both rollouts.

Table 10. Mean absolute error (MW) for different TSFMs on the original skforecast Victoria electricity demand benchmark.
The year 2014 is present in GIFT-Eval pretraining corpus, leading to data leakage for most TSFMs.

Model Covariates Point MAE ↓

TS-ICL ✓ median 139.93

t0-alpha ✓ median 144.13

Chronos-2 (small) ✓ median 160.05

TimesFM-2.5 (200M) ✗ mean 188.28

TabPFN-TS ✓ median 190.97

Nori ✓ mean 193.33

Moirai-2.0-R (small) ✗ median 196.82

TabICL ✓ mean 210.75

Seasonal naive (24 h) ✗ — 330.59

and the elecdemand datasets both contain the 2014 data of the backtest [27]. To avoid this leakage, we rerun
the backtest on the year 2024. Every real series of the corpus ends before 2022, so the 2024 window is free of
leakage. It is at least guaranteed that t0-alpha has never seen the data during training.
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We assemble the three variates from public sources, in the layout used by the guide. Demand is the five-minute
total demand of the VIC1 region published by the Australian Energy Market Operator (AEMO) [1], averaged to
hourly means. Temperature is the hourly observation of the Melbourne (Olympic Park) station, the successor of
the Melbourne Regional Office site that tsibbledata used, taken from the Integrated Surface Database of the US
National Centers for Environmental Information [48]. The station covers 97% of the hours. We fill the remaining
gaps from the ERA5 reanalysis served by Open-Meteo [76]. The holiday indicator marks the 13 Victorian public
holidays of 2024, taken from the holidays Python package [69]. We run the script of the guide unchanged
except for the dates: 62 one-day windows from October 31 to December 31, 2024. Each model runs at two
context lengths, 512 and 8192 hours, roughly three weeks and eleven months of history. All runs use an Apple
M4 Pro, with accelerator hardware whenever it can be used by the model, otherwise on CPU only. Runtime is
the wall-clock time of one pass over the 62 forecasts of 24 hours each, produced by the backtesting routine of
skforecast. Weight loading and other overhead costs are excluded. Nori did not complete the 8192-context pass
within one hour, and TabICL needed 25 minutes for it.

Table 11 reports the error at both contexts, the runtime of one pass, and the hardware. The error of every model
is 2 to 2.6 times its value on the 2014 window. Leakage alone does not explain the gap. Indeed, the 2024 window
is also harder, since a 24-hour seasonal naive forecast scores 614.6 MW on it against 330.6 MW on the 2014
window. Chronos-2 leads at both contexts. t0-alpha remains among the most accurate models while being
one of the fastest. t0-beta places second at both contexts, and the gap to t0-alpha widens with the context
it is given: 2.8% lower error at 512 hours and 10.1% lower at 8192, where it closes most of the distance to
Chronos-2.

Table 11. Mean absolute error (MW) for different TSFMs following the skforecast Victoria electricity demand benchmark for
the year 2024. The year 2024 is absent from the GIFT-Eval pretraining corpus. The best value of each error column is in
bold.

MAE ↓ Runtime (s)

Model Cov. 512 8192 512 8192 Hardware

Chronos-2 ✓ 348.87 324.24 1.1 10.5 GPU

t0-beta ✓ 368.89 334.92 3.8 9.9 GPU

Chronos-2 (small) ✓ 369.38 342.62 0.6 2.9 GPU

TS-ICL ✓ 358.19 365.35 2.7 25.2 CPU

t0-alpha ✓ 379.58 372.51 1.2 4.5 GPU

TabICL ✓ 463.10 394.17 42.3 1513.3 CPU

Moirai-2.0-R (small) ✗ 456.87 433.45 0.3 1.2 CPU

TimesFM-2.5 (200M) ✗ 476.61 453.73 3.4 13.1 CPU

Nori ✓ 388.60 —∗ 54.2 —∗ GPU

Seasonal naive (24 h) ✗ 614.57 614.57 — —

∗ Not completed within one hour on this hardware.

5.6.2 Forecasting and trading electricity in Texas

This Section 5.6.2 has been written by Macrocosm,2 which conducted an independent evaluation of t0 models.

2Macrocosm is developing simulation-driven world models, starting with the US electric grid: mcsm.ai.
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We evaluate point and probabilistic forecasts of hourly real-time (SCED) electricity prices in the four ERCOT (the
electricity operator of Texas) load zones, from January 2024 to May 2026, and assess their downstream trading
value. We report MAE, CRPS and interval coverage. Each model forecasts the next operating day at 09:00
Central Time on the preceding day, using only information available at that gate, including 21 covariates covering
load, renewable generation, outages and weather. As a baseline, we repeat the hourly price profile of the most
recent complete operating day available at the forecast gate.

For the downstream trading evaluation, we compare five rules: three that map the predicted median spread
against the day-ahead price to positions using step, linear or sigmoid functions, a Kelly rule based on the forecast
distribution, and a constant-volatility rule that scales positions inversely with forecast uncertainty. For each model,
we select the rule with the highest annualized daily dollar Sharpe over the evaluation window. Positions depend
on the predicted spread against the day-ahead market (DAM) price and, where applicable, uncertainty. Strategy
selection is retrospective. Trading uses a fixed 100 MW reference size per zone, without reinvestment or market
impact. Sharpe is

√
365 times mean daily profit divided by its standard deviation. An always-short control sells

day-ahead every hour without using forecasts.

Table 12. Forecast and trading results. MAE and CRPS are in $/MWh; coverage is for the nominal 80% interval. Trading
results use each model’s best rule on the same window. TimesFM-3 has one fewer forecast day.

Model MAE CRPS Coverage Profit ($M) Sharpe

TimesFM-3 13.78 10.94 0.82 16.42 1.47

t0-alpha 14.55 11.50 0.74 15.00 1.34

t0-beta 14.46 11.37 0.75 14.94 1.29

Lagged price 23.57 — — 14.11 1.27

Chronos-2 13.90 11.11 0.75 14.62 1.25

TiRex-2 15.22 12.08 0.76 11.21 0.97

TimesFM-2.5 16.76 13.26 0.81 11.53 0.97

Always short — — — 11.82 0.96

All pretrained models have lower MAE than the lagged baseline (Table 12). TimesFM-3 has the lowest MAE and
CRPS. t0-beta scores better than t0-alpha on both measures, but t0-alpha has a higher trading Sharpe.
The two t0 models’ 80% prediction intervals contain only 74–75% of observed prices: they cover some peaks
but miss extreme spikes (Figure 15). Trading profits may also reflect persistent differences between SCED and
DAM prices: even the always-short rule makes money without using forecasts. Correcting forecast bias using the
previous 30 days leaves the trading ranking unchanged.

6 Limitations

t0-alpha is the first release of the t0 family. This section states its known limits, which serve as outlines for
future directions.

Limited quantile levels The model emits five native quantile levels, from 0.1 to 0.9. A requested level that falls
between two of them is interpolated, and a level outside the range returns the nearest native one, so a request
for the 0.99 quantile returns the 0.9 value. The grid is nonetheless fine enough for the model to stay calibrated
inside its range (Section 5.2.1), and post-hoc IQF tails recover most of what is lost outside it at no training cost

© The Forecasting Company 30



T E C H N I C A L R E P O R T

200
400
600
800

$/
M

W
h

22 May 2024, West

200

400

600

13 June 2024, South

100

200

21 May 2025, South

0 6 12 18

0

500

1,000

Hour from start

$/
M

W
h

19 February 2025, South

0 6 12 18

1,000

2,000

3,000

Hour from start

20 August 2024, South

0 6 12 18

0

500

1,000

1,500

Hour from start

17 November 2024, West

Figure 15. t0-beta uncertainty on six illustrative days: three peaks inside the 10–90% band (top) and three missed spikes
(bottom). Green: forecast median and band; black: realized price; dashed grey: day-ahead price. Vertical scales differ; none
is clipped.

(Section 5.2.2). A denser native grid, as Chronos-2 uses [6], is the remedy on the training side. t0-beta already
emits 21 native levels, from 0.01 to 0.99.

Limited support for long lead times Recall the retail problem of Figure 1: gloves and flip-flops are manufac-
tured and shipped months before they reach a shelf, so an apparel buyer commits the winter order in spring, six
to nine months ahead. The buyer therefore needs the demand of the coming winter forecast from a context that
stops at the order date, leaving a gap between the end of the context and the first forecast step. We call this
gap the lead time. Such lead times are common in production and procurement, where decisions must often be
made well before their outcomes are observed. In principle, the model naturally supports such use cases: at
inference time, the gap can be represented by blanking the corresponding portion of the context, a pattern the
model encounters during training through contiguous patch masking. However, the maximum lead time that can
be handled this way is 1024 time steps minus one patch (32 time steps for t0-alpha). Beyond this limit, one
must resort to autoregressive rollout, as described in Section 5.5.

Extend covariate lift studies and benchmark We measure on fev-bench the lift that covariates bring, but the
benchmark does not separate covariate skill from univariate accuracy (Section 3). Two questions therefore stay
open. Does the model use every covariate that carries information? Does it ignore the ones that carry none?
Answering these questions calls for benchmarks built for the purpose.

Support for numerical covariates only The model conditions on past and known-future covariates as long
as they are numeric series. A user who holds text, images, categorical metadata, or static attributes has to
encode them as numbers first. Embedding the text description of a variate would instead let one model learn
across series what a covariate means, the route taken by metadata-conditioned forecasters [20, 22] and by the
multimodal models that read text alongside the series [70, 74].

This would help address cold-start predictions. A product about to launch has no past of its own. It has a
photograph, a title, a category, and a description, and the products already on the shelf carry those attributes
together with their sales. A model that read all of it could place the new item among the old ones and forecast
from that neighborhood. No purely numeric method can do so, and t0-alpha is one.

No joint distribution The model emits marginal quantiles, so its output ties neither the steps of a horizon nor
the variates of a sample together (Section 2).

No controlled scaling study This report evaluates the 102M-parameter t0-alpha model in depth and reports
public-benchmark results for its 256M-parameter successor, t0-beta. It does not study the scaling of the t0
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family. It does not isolate the effect of parameter count from other differences between the models and their
evaluation protocols. Across model families, parameter count alone does not yet determine accuracy. TimesFM-
3.0 achieves a GIFT-Eval score of 0.4557 CRPS with 331M parameters, compared with 0.4759 for the 2.5B-
parameter Toto-2.0 model (Figure 2). Within the Toto-2.0 family, increasing model size improves accuracy, but
the gain from 313M to 2.5B parameters is comparatively small, from 0.4814 to 0.4759 CRPS. Another model,
Timer-S1, with 8.3B parameters, 0.75B of them activated per token, scores 0.4853 [41]. Xihe-max with 1.5B
parameters scores 0.4905 [67]. Both models sit behind TimesFM-3.0 on GIFT-Eval, a model less than a quarter
of their size. Establishing how t0 benefits from additional model capacity, training data, and compute requires
controlled experiments.

7 Conclusion

We presented t0-alpha, a 102M-parameter open-weights forecasting model. Factorized time/variate attention
gives target series, past covariates, and known-future covariates one representation and one forward pass. Pre-
training combines curated public corpora with synthetic families whose covariate-to-target structure is known by
construction. We report accuracy on GIFT-Eval and fev-bench together with the covariate lift, calibration and tail
behavior, rank stability across eleven metrics, robustness to missing history, and context efficiency (Section 5).
Passing covariates to the same checkpoint raises fev-bench skill by 6.3 points on the tasks with known-future
covariates and 2.7 points on those with past covariates only (Section 5.1.2). The weights (Apache-2.0), the
tfc-t0 package, and a notebook reproducing the GIFT-Eval results are public.

t0-beta, the successor of t0-alpha, already ranks among the strongest zero-shot models we compare. On
the same three public benchmarks it reaches 0.4738 CRPS on GIFT-Eval, third among those models and 1.4%
short of second place, 46.4 skill on fev-bench, third again and 46.1 on its covariate-informed half, and 0.5551
CRPS on TIME (Section 5.1).

t0-alpha is the first release of the t0 family. The open cases of Section 6 set the agenda for the next iterations.
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A GIFT-Eval cross-domain subset

Table 13 lists the twelve dataset and term pairs that the studies of Sections 5.2.2, 5.3 and 5.4 run on. The twelve
pairs come from twelve distinct datasets, one pair each. They cover all seven GIFT-Eval domains, four frequencies
from 15-minute to monthly, and the three horizon terms, at a fifth of the inference cost per configuration of
the full 97-pair benchmark. Two of the twelve carry irregularity by design: kdd_cup_2018 has native gaps
and car_parts is intermittent, so the missing-data study of Section 5.3 measures injected masks on top of
missingness a user would also meet.

Table 13. The twelve GIFT-Eval dataset and term pairs used by the studies of Sections 5.2.2, 5.3 and 5.4. Dataset names,
frequency codes and terms are those GIFT-Eval declares; domains are its seven leaderboard classes.

Dataset Frequency Term Domain

electricity D short Energy

solar H long Energy

bizitobs_l2c H short Web/CloudOps

bitbrains_rnd H short Web/CloudOps

loop_seattle D short Transport

sz_taxi 15T long Transport

jena_weather H short Nature

kdd_cup_2018 H medium Nature

restaurant D short Sales

car_parts M short Sales

m4_hourly H short Econ/Fin

covid_deaths D short Healthcare
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