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Andrew Robert Williams
Mila – Quebec AI Institute
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ABSTRACT

Recent advances in time-series forecasting increasingly rely on pre-trained
foundation-style models. While these models often claim broad generalization,
existing evaluation protocols provide limited evidence. Indeed, most current
benchmarks use static train-test splits that can easily lead to contamination as
foundation models can inadvertently train on test data or perform model selection
using test scores, which can inflate performance. We introduce Impermanent,
a live benchmark that evaluates forecasting models under open-world temporal
change by scoring forecasts sequentially over time on continuously updated data
streams, enabling the study of temporal robustness, distributional shift, and perfor-
mance stability rather than one-off accuracy on a frozen test set. Impermanent
is instantiated on GitHub open-source activity, providing a naturally live and
highly non-stationary dataset shaped by releases, shifting contributor behavior,
platform/tooling changes, and external events. We focus on the top 400 repos-
itories by star count and construct time series from issues opened, pull re-
quests opened, push events, and new stargazers, evaluated over a rolling win-
dow with daily updates, alongside standardized protocols and leaderboards for
reproducible, ongoing comparison. By shifting evaluation from static accuracy
to sustained performance, Impermanent takes a concrete step toward assess-
ing when—and whether—foundation-level generalization in time-series forecast-
ing can be meaningfully claimed. Code and a live dashboard are available
at https://github.com/TimeCopilot/impermanent and https:
//impermanent.timecopilot.dev.

Track: Research

1 INTRODUCTION

Forecasting seeks to reduce uncertainty about the future. In practice, forecasters rely on a diverse
set of models (statistical methods, machine learning approaches, and increasingly, foundation mod-
els), selecting among them based on properties of the data such as trend, seasonality, sparsity, scale,
and domain structure, and validating choices through backtesting on historical observations (1). In
recent years, time-series foundation models (TSFMs) have emerged with the promise of broad gen-
eralization across domains (2; 3; 4; 5; 6; 7; 8; 9; 10; 11; 12; 13; 14; 15; 16). Trained on large
and heterogeneous collections of temporal data, these models aim to operate as generalists, pro-
ducing accurate forecasts on previously unseen series with minimal adaptation. The central claim
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underlying this paradigm is temporal generalization, i.e. that learned representations transfer across
datasets, frequencies, and domains.

However, despite this promise, most empirical evaluations of TSFMs rely on static benchmarks.
Datasets are fixed in time, and evaluation is conducted on held-out splits drawn from the same
underlying distribution as the training data, as in widely used benchmarks such as GIFT-Eval(17),
FEV (18), and the Monash Forecasting Repository(19). While this protocol measures cross-sectional
generalization, it does not fully test whether performance persists across time in evolving, non-
stationary environments. Real-world forecasting is inherently dynamic: data distributions shift, new
series appear, and structural breaks occur. Moreover, public datasets used for pretraining are often
reused in downstream benchmarks, raising concerns about memorization, data leakage, and test-set
contamination (20).

The importance of this sequential-evaluation requirement is well recognized in adjacent literatures.
For example, the prequential viewpoint holds that probabilistic forecasts should be evaluated in
the order they are made (21). More broadly, the concept-drift literature examines how predictive
systems degrade as data distributions evolve over time (22). In forecasting practice, rolling-origin
evaluation is similarly recommended because it better reflects real-world deployment (23; 24). Re-
lated concerns also arise for language foundation models, where live benchmarks aim to reduce
contamination and ensure that reported results are not affected by prior exposure to test examples
(25; 26). Closest to our setting, (27) considers sequential evaluation for LLM prediction of single
future events, but not for time-series forecasting.

Contributions. To address these limitations, we introduce Impermanent, which, to our knowl-
edge, is the first live benchmark designed specifically to evaluate temporal generalization in time-
series forecasting. Impermanent makes temporal generalization measurable through a live, leak-
proof evaluation protocol in which forecasts are generated and scored sequentially over time. This
setup enables analyses that are difficult in static benchmarks, including sustained accuracy, robust-
ness to distribution shift and shocks, and the stability of model rankings under ongoing change. This
first iteration of Impermanent is built on GitHub software development activity, a naturally live
and highly non-stationary environment shaped by releases, shifting contributor behavior, workflow
and tooling changes, and external events (28; 29; 30). The benchmark is designed around a prequen-
tial, deployment-faithful evaluation loop: at each cutoff time, models must produce forecasts before
the corresponding ground truth exists.

2 THE Impermanent BENCHMARK

We instantiate Impermanent on GitHub activity using GH Archive event streams (29) (Figure 3).
We track four event types (issues opened, pull requests opened, push events, and new stargazers)
for 400 repositories (selected by star count), construct time series at four forecast frequencies (daily,
h = 7; weekly, h = 4; and monthly, h = 1), and stratify repositories by activity level.In the
current release, each repository–event-type pair defines a univariate series (we forecast one target
count at a time); capturing cross-repository co-movement and incorporating additional covariates
are important next steps. Figures 1 and 2 provide exploratory views on a random sample of 25
repositories, visualizing non-stationarity in raw weekly counts and in compact dynamics descriptors,
including the spectral centroid and spectral entropy. Formally, let y0, . . . , yn−1 denote a series,
Xk =

∑n−1
t=0 yte

−i2πkt/n its real-FFT coefficients for k = 0, . . . ,K − 1 with K = ⌊n/2⌋ + 1,
and fk = k/n (cycles per time step); defining Pk = |Xk|2 and pk = Pk/

∑
j Pj , we compute the

spectral centroid C and normalized spectral entropy H as:

C =

∑K−1
k=0 fk |Xk|∑K−1
k=0 |Xk|

, H = − 1

logK

K−1∑
k=0

pk log pk. (1)

Qualitatively, larger C indicates relatively faster dynamics (more power at higher frequencies), while
larger H indicates a more diffuse, less structured spectrum (power spread across many frequencies).
In Figure 2, we see that the GitHub streams occupy a wide range of (C,H) values and that different
event types populate different regions of this space: some series concentrate power at lower frequen-
cies (lower C) with more structured spectra (lower H), while others show higher-frequency, more
broadband behavior (higher C and/or higher H). For Impermanent, the key takeaway is simple:
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Figure 1: Weekly GitHub activity for a random sample of 25 repositories across four event types
(issues opened, pull requests opened, push events, new stargazers). Top: weekly event counts.
Bottom: cumulative counts over time.

the dataset mixes smooth, trend-like behavior with spiky, volatile behavior, so a good forecaster
must handle both slow changes and sudden bursts rather than fitting one fixed pattern.

3 EVALUATION PROTOCOL

At each cutoff date, every model receives a context window of historical observations and must
produce point and probabilistic forecasts for the next h periods before any ground truth is available.
Cutoffs are spaced exactly one horizon apart, and the most recent cutoff is always excluded because
observations may still be incomplete. Table 1 summarizes the evalution protocol.

Daily Weekly Monthly
Horizon h 7 1 1
Max context 512 114 24
Cutoff step 7 d 1 w 1 mo
First cutoff 2026-01-04 2026-01-04 2025-10-01

Table 1: Evaluation protocol parameters. All frequencies use MASE and scaled CRPS.

We evaluate forecasts with two complementary metrics: MASE (Mean Absolute Scaled Error) for
point accuracy (31), and scaled CRPS for the predictive distribution (32), estimated from nine quan-
tile levels Q = {0.1, 0.2, . . . , 0.9}. For a series with training window y1:T , seasonal period m, and
horizon h, we use

MASE =
1
h

∑h
i=1 |yT+i − ŷT+i|

1
T−m

∑T
t=m+1 |yt − yt−m|

, CRPS ≈ 1

h

h∑
i=1

2

|Q|
∑
τ∈Q

ρτ (yT+i − q̂T+i(τ)) , (2)

where ρτ (u) = u
(
τ − 1{u < 0}

)
is the pinball loss. We compute both metrics per series and

aggregate per subdataset using the median. To make scores comparable across subdatasets, we scale
each metric by the zero model, which always predicts zero: for model value v and zero-model score
b (the metric value from all-zero forecasts), we report v/max(b, τ0), where τ0 is the 10th percentile
of strictly positive zero-model scores for that metric. This floor prevents unstable ratios when b is
very small. We evaluate eleven models in three groups. Baselines are ZeroModel (which always pre-
dicts zero and provides the scaling denominator), HistoricAverage, and SeasonalNaive. Statistical
models are AutoARIMA (33), AutoETS (34), AutoCES (35), Dynamic Optimized Theta (36), and
Prophet (37), and all run on CPU. Foundation models are Chronos-2 (38), Moirai 2.0-R-Small (4),
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TimesFM 2.5 (9), and TiRex (39), and each runs on an A10G GPU with batch size 64. Each model
outputs nine quantile forecasts (τ ∈ Q), enabling direct comparison on MASE and scaled CRPS.
We include only open source TSFMs with released weights and reproducible inference code, and
we run all models through TimeCopilot (40). Section 5 describes the pipeline.

4 RESULTS

Table 2 illustrates the kind of analysis Impermanent enables. In this snapshot, pre-trained founda-
tion models occupy the top four positions, with TiRex leading on three of four columns and Chronos
achieving the best median CRPS. However, the picture is nuanced: SeasonalNaı̈ve achieves a lower
median MASE (0.49) than every statistical method, yet shows the poorest probabilistic calibration
(CRPS rank 28.94), and AutoETS attains a CRPS rank (20.71) comparable to DynOptTheta (21.93)
despite weaker point accuracy. Because Impermanent scores models sequentially over an evolv-
ing stream, these rankings will shift as new cutoffs accumulate, making it possible to track whether
early advantages persist under continued distributional shift rather than taking any one leaderboard
snapshot as definitive.

Median value ↓ Mean rank ↓
Model MASE CRPS MASE CRPS

HistoricAverage 2.095 4.376 30.857 27.417
SeasonalNaive 0.485 5.670 19.044 28.937

Prophet (37) 1.264 3.640 27.560 24.326
AutoARIMA (33) 0.754 3.450 21.677 23.289
AutoETS (34) 0.630 3.209 20.058 20.710
AutoCES (35) 0.618 3.248 19.356 23.346
DynOptTheta (36) 0.555 3.297 17.551 21.926

Moirai (4) 0.390 1.143 14.280 12.762
TimesFM (9) 0.373 1.053 12.070 11.376
Chronos (38) 0.336 1.018 11.987 10.941
TiRex (39) 0.322 1.024 11.350 10.836

Table 2: Overall leaderboard results on Impermanent, aggregated across all subdatasets, frequen-
cies, and cutoff dates. Median value reports the median of the baseline-scaled metric across all
evaluation instances; mean rank is the average rank computed hierarchically (within each group,
then across subdatasets and frequencies). Bold: best per column; italic: second best. Models are
sorted by MASE inside each group (worst first); horizontal rules separate naive baselines, statistical
methods, and foundation models.

5 CONCLUSION AND FUTURE WORK

We introduced Impermanent, which, to our knowledge, is the first live benchmark designed to
measure temporal generalization in time-series forecasting. By evaluating models sequentially on a
continuously evolving data stream, with forecasts issued before outcomes are observed and scored
only after those outcomes arrive, Impermanent enables analyses that static benchmarks cannot
support. These include measuring sustained accuracy over time, assessing robustness under distribu-
tional change, and tracking the stability of model rankings as evaluation unfolds. All data pipelines,
evaluation code, and leaderboard infrastructure are open and fully automated, enabling reproducibil-
ity and extension without reprocessing historical data.

This first iteration of Impermanent is built on GitHub software development activity, but the
framework is designed to support broader future development. Natural next steps include expanding
to additional live data streams, enriching forecasting tasks with auxiliary contextual information,
and using longer evaluation horizons to better understand performance stability and ranking dynam-
ics over time. More broadly, we hope Impermanent can serve as a shared resource for studying
whether benchmark performance in static settings translates into reliable performance after deploy-
ment.
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APPENDIX

EXPLORATORY STATISTICS

This section provides additional descriptive views of the GitHub activity streams used in
Impermanent, complementing the main-text plots in Figures 1 and 2. The weekly trajectories
reveal pronounced intermittency and burstiness: many repository–event series spend long stretches
near low counts and then undergo short-lived spikes, especially for issues and pushes, while stars
operate at substantially larger scales with occasional surges. In cumulative form, these same bursts
appear as slope changes and step-like jumps, indicating that activity regimes are not stable over time
even within a single repository–event pair.

Figure 2 provides a compact summary through spectral descriptors. Across all four event types,
spectral entropy generally increases with spectral centroid, producing an upward wedge-shaped
cloud: faster series tend to exhibit broader-band spectra. At the same time, dispersion differs
by event type: pull-request and push series are concentrated in mid-to-high centroid regions with
moderate-to-high entropy, whereas stargazer series span a wider range from low-centroid/low-
entropy to high-centroid/high-entropy regimes. This heterogeneity reinforces the motivation for
Impermanent: evaluation should track performance sequentially over time rather than rely on a
single static slice.

Figure 2: Weekly-series summary statistics for a random sample of 25 repositories, grouped by event
type (columns). Each panel shows a relationship between two descriptors: log low/high bandpower
ratio (slow vs fast variation) vs permutation entropy (irregularity), and spectral centroid (typical
frequency) vs spectral entropy (spectral spread).

INFRASTRUCTURE

Impermanent runs as a set of serverless pipelines on Modal, with artefacts stored on Amazon S3.
The pipeline has three stages. Data ingestion downloads hourly JSON archives from GH Archive,
filters for the four target event types, aggregates per-repository counts with DuckDB, and rolls them
up to the daily, weekly, and monthly granularities (subject to completeness thresholds of 90%,
95%, and 99% of constituent hours, respectively). Forecasting dispatches one job per (model,
cutoff) pair: CPU models run on 32-core instances, foundation models on NVIDIA A10G GPUs,
with up to 125 containers in parallel. Evaluation scores stored forecasts once ground truth arrives
and rebuilds the leaderboard by reading all per-cutoff metric files, scaling by the zero-model base-
line, and writing a single result Parquet. The full cycle is triggered weekly; every stage is idempotent,
so re-runs skip completed work and new models can be added without reprocessing history.
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Figure 3: Monthly event counts for a random sample of six repositories across four activity signals.
The series exhibit hallmark features of real-world temporal data: intermittency (long zero-count
stretches), burstiness (isolated spikes), level shifts, and heterogeneous scales across repositories and
event types.
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