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ABSTRACT

Time Series Foundation Models (TSFMs) are transforming forecasting, yet eval-
uating them on historical data is increasingly compromised by train-test sam-
ple overlaps and temporal overlaps between correlated training and test series.
This paper presents TS-Arena, an infrastructure designed to benchmark TSFMs
by transitioning from retrospective historical testing to an environment of con-
tinuous, prospective evaluation. Our core contribution is a strict Forecast Pre-
Registration Protocol (FPRP): models must submit predictions before the ground-
truth data physically exists, making test-set contamination impossible by design.
The platform relies on a modular microservice architecture that ingests real-time
data streams and orchestrates containerized model submissions under enforced
registration windows. By combining pre-registration with continuous evaluation
rounds, TS-Arena aims to prevent both direct and indirect information leakage
while enabling fast, ongoing model comparison. First results from simulating
TS-Arena over one year of energy time series (e.g. renewable energy generation,
electricity prices, district heating cogeneration) demonstrate the viability and dis-
criminative power of leakage-free live evaluation. The live forecasting benchmark
is available atts-arena.live.

Track: Research

1 INTRODUCTION

Time series forecasting is vital across domains such as finance (Zhang et al.| 2025)), energy (Meyer
et al., 2025b)), and operations (Klee & Xia, 2025). The field is undergoing a paradigm shift to-
ward Time Series Foundation Models (TSFMs): large neural networks pre-trained on broad, het-
erogeneous collections of time series that can forecast in a zero-shot manner (Liang et al., [2024),
following scaling laws analogous to those observed in LLMs (Edwards et al., 2024} Kaplan et al.,
2020; |Yao et al.l |2025). These models demonstrate zero-shot performance that is competitive with
or superior to models requiring retraining (Aksu et al.,2024; |Li et al., [2025)).

The emergence of TSFMs necessitates a rethink of evaluation metrics, specifically to address the
dual risks of direct and indirect information leakage. First, direct information leakage (test data
contamination) occurs when training datasets inadvertently include benchmark test data. This phe-
nomenon is well-documented in LLMs (Liao & Xiao, |2023) and now increasingly observed in
TSFMs (Aksu et al., [2024; Meyer et al.,[2025a). Second, indirect temporal information leakage
is specific to time series: it arises when TSFMs are evaluated on held-out test series whose forecast
horizons temporally overlap with training series from correlated time series (e.g., bus usage counts
as training data and metro usage counts as zero-shot evaluation from the same period (Rodrigo & Or-
tiz, [2024)), allowing implicit access to future information through shared temporal structure (Meyer
et al., 2025a). Both types of leakage can substantially inflate reported TSFM performance, leading
to unreliable conclusions (Aksu et al.| [2024; [Meyer et al., 2025a; Rodrigo & Ortiz, [2024)).

Existing approaches cannot fully resolve these concerns. Introducing fixed pre-training and test
splits (Aksu et al.,2024) constrains the flexibility needed to scale TSFMs with diverse data (Edwards
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et al., 2024} [Yao et al.,|2025)). Benchmarks based on historical data (Aksu et al.| 2024; /Goktas et al.,
20255 L1 et al.l 2025; | Xu et al., [2025)), regardless of how carefully curated, remain vulnerable once
published test samples are used for training or when models train on correlated series from the same
time period. More fundamentally, any fixed dataset that does not evolve over time can eventually
lead to information leakage (Meyer et al., 2025al).

To address these inherent challenges, we propose TS-Arena, which leverages the unique generative
nature of time series data: observations are continuously produced in real time. Our core contribu-
tion is a Forecast Pre-Registration Protocol (FPRP) that enforces the submission of forecasts before
the ground-truth data exists. By evaluating pre-registered forecasts only after the ground truth ma-
terializes, this protocol makes both direct and indirect information leakage impossible by design.
TS-Arena implements this protocol as a live benchmarking platform with continuous evaluation
rounds, providing a forward-only, leakage-free evaluation infrastructure.

2 FORECAST PRE-REGISTRATION PROTOCOL

Building on the concept of living benchmarks (Erickson et al., [2025), TS-Arena adapts continuous
maintenance and evolving leaderboards to the specific characteristics of time series forecasting.
Here, live implies not merely a continuously updated ranking, but a dynamic test environment where
evaluation targets are generated in real time by the unfolding future.
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Figure 1: The Forecast Pre-Registration Protocol (FPRP). Models submit predictions within a reg-
istration window that closes before the next ground-truth value exists. Consecutive rounds enable
continuous, leakage-free evaluation.

While current living benchmarks rely on retrospective train-test splits of static datasets, we propose
a novel Forecast Pre-Registration Protocol (FPRP). It uses the evaluation time ¢ as a strict temporal
split point, denoted as t,0y, that advances continuously with real time. Models have full access to
historical ground-truth data up to %,,, and must commit their forecasts for a fixed future horizon H
before the first future ground-truth value becomes available. The protocol is applied continuously in
rounds, which are fast-paced competitions (Bojer & Meldgaard, 202 1; Makridakis et al.,[2024), and
proceeds as follows:

1. Round Initialization: At a predefined time, a new round is initialized for a set of time
series with common characteristics.

2. Context Acquisition: The historical ground truth [ Xy, _c, ..., X4, ] with context length
C'is provided to participants.
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3. Inference and Registration: Participants generate forecasts for the horizon [thow +
1,...,taow + H] and upload them within the registration window.

4. Window Closure: The registration window closes before the next ground-truth value
Xi,..+1 1s observed. Late submissions are rejected.

5. Evaluation: Once ground-truth values for the full horizon have materialized, error metrics
are computed.

Figure (1] illustrates the protocol across two consecutive rounds. By strictly closing the submission
window before any future data point comes into existence, the test set remains logically inaccessible
during inference. This prevents any form of information leakage and look-ahead bias by design.
The iterative repetition of rounds enables robust longitudinal evaluation analogous to time series
cross-validation (Hyndman & Athanasopoulos), 2021)).

3 TS-ARENA PLATFORM

To implement the FPRP, TS-Arena employs a modular microservice architecture orchestrated via
Docker Compose, comprising: (i) a Database and (ii) a Data Portal that continuously ingests real-
time data from external APIs, normalizes heterogeneous formats, and stores data into the database
using a Slowly Changing Dimension Type 2 (SCD2) archiving strategy (Kimball| 2013) to enable
exact reconstruction of information states at any historical 0y ; (iii) an API Portal that manages user
authentication, creates challenge rounds, validates submissions against active registration windows,
and triggers evaluation; (iv) a Reference Model Service hosting containerized TSFMs and statistical
baselines that participate autonomously under identical constraints; and (v) a Front-end based on
(vi) a Dashboard API providing real-time leaderboards and challenge visualizations. The Front-end
is shown in Figure
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Figure 2: TS-Arena Challenge and Model View

Challenges and Evaluation. Time series are grouped into challenges by domain, frequency, and
forecast horizon. Each challenge runs iterative rounds following the FPRP schedule. For evaluation,
we compute the Mean Absolute Scaled Error (MASE) (Hyndman & Koehler, |2006) per round and
report Elo ratings with bootstrap confidence intervals (B = 500) via randomized replay (Erickson
et al.,[2025)). This pairwise ranking system naturally handles asynchronous model entry: established
models accumulate narrow confidence intervals reflecting statistical reliability, while newcomers
exhibit wider intervals that reflect their provisional status.
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4 PRELIMINARY RESULTS

We populated TS-Arena with 186 live energy time series from three international sources (SMARD,
Gridstatus, FINGRID), organized into 14 challenges at 15-minute and hourly frequencies with 1-
day and 3-day horizons. To initialize the platform, we backtested the year 2025 with 13 TSFMs and
statistical baselines, yielding over 5,000 challenge rounds and 3.9 million test data points. Reference
TSFMs participated only from their respective release dates onward, consistent with the leakage-free
evaluation principle.

The results confirm the discriminative power of live evaluation: all top-ranked models are TSFMs,
with recent model generations (e.g., Chronos-2, Moirai 2) outperforming their predecessors, and
larger model variants consistently ranking higher within families. Statistical baselines such as sea-
sonal naive are clearly separated from TSFMs. Importantly, confidence intervals of top models
often overlap, indicating the need for sustained evaluation over time to establish reliable rankings—
precisely the capability that the continuous nature of TS-Arena provides. Detailed results of the year
2025 are available in Appendix

5 RELATED WORK

While earlier TSFMs usually had no choice than defining their own evaluation data (Ansari et al.|
2024a; |Das et al., [2024), recent benchmarks have substantially improved TSFM evaluation. TSFM-
Bench (Li et al.l 2025) expands model coverage across zero-shot, few-shot, and full-shot regimes
with diverse datasets, but neither addresses nor discusses information leakage. Fev-Bench mea-
sures benchmark leakage by percentage of the test set included in pre-training (Shchur et al.| [2025).
However, the actual impact of information leakage on the inflation factor remains an open question.
GIFT-Eval (Aksu et al.,2024) introduces a fixed test set intended for exclusion from future training;
still, this constrains TSFM scaling flexibility and cannot prevent future contamination. Tempus-
Bench (Goktas et al., [2025), BOOM (Cohen et al., |2025), and Fidel-TS (Xu et al., 2025) mitigate
contamination through less common, private or API-protected datasets, yet these cannot guarantee
that their data will not eventually enter TSFM training sets in the future. TabArena (Erickson et al.,
20235])) pioneered the living benchmark concept for tabular data, which we adapt and extend to exploit
the unique temporal and generative properties of time series data.

In contrast to all existing approaches, TS-Arena eliminates information leakage by design through
the FPRP: since ground-truth data does not physically exist at inference time, no form of
contamination—whether direct sample overlap or indirect temporal correlation—is possible.

6 DISCUSSION AND CONCLUSION

We presented TS-Arena, a live benchmark platform for TSFMs that enforces a Forecast Pre-
Registration Protocol: forecasts must be submitted before the corresponding ground truth exists.
This simple temporal commitment eliminates benchmark leakage by design and enables continu-
ous, transparent model comparison on evolving real-world datéﬂ While the current scope is focused
on univariate energy time series, TS-Arena is inherently extensible: as a living benchmark, it contin-
uously incorporates new data sources, frequencies, horizons, and challenge types. A trade-off of our
design is that while we impose no restrictions on pre-training data, current reliance on public APIs
means we cannot guarantee true zero-shot evaluation for future models. As such, it complements ex-
isting static benchmarks that offer breadth and controlled analysis with a forward-only, leakage-free
evaluation infrastructure that maintains its integrity as models and data evolve.

Future extensions include additional domains, multivariate forecasting with covariates, private data
API’s, and probabilistic evaluation metrics to further broaden the platform’s evaluation capabilities.

"Links to the code are in Appendix
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A TS-ARENA MICROSERVICE ARCHITECTURE

A.1 CODE AVAILABILITY

Overview (Project Description, Participation Example):
https://github.com/DAG-UPB/ts—arena

Backend code (API-Portal, Data-Portal, Database, Dashboard-API):
https://github.com/DAG-UPB/ts—arena—-backend/

Reference models:
https://github.com/DAG-UPB/ts—arena—-models

Frontend:
https://github.com/DAG-UPB/ts—arena-frontend

Website:
https://ts—arena.live/

A.2 OVERALL ARCHITECTURE

TS-Arena employs a modular microservice architecture using Docker Compose, illustrated in Figure
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Figure 3: The Microservice Architecture

Time series are bundled into challenges based on shared characteristics such as domain, frequency,
context length, or forecast horizon. Challenges are a construct for organizing participation at the TS-
Arena and to distribute compute load across the day. Each challenge is executing iterative rounds
following the FPRP protocol. The primary services of the architecture are:

Database: A TimescaleDBﬂ instance manages storage and retrieval of high-frequency time series
data, aggregates, forecast submissions, and user metadata.

Data Portal: Ingestion engine that queries external APIs, normalizes heterogeneous data formats,
converts timestamps to UTC, and persists data using the Slowly Changing Dimension Type
2 (SCD2) archiving strategy (Kimball, [2013)).

API Portal: Managing user authentication, challenge creation, forecast validation against registra-
tion windows, and evaluation triggering upon ground truth availability.

Dashboard API: A read-only API supplying the front-end with necessary information.

Front-end: A web application providing visualizations of challenges, model information, and live
leaderboards.

Reference Model Service: Hosts containerized TSFMs and statistical baselines that autonomously
participate in every challenge round.

2https://github.com/timescale/timescaledb
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A.3 DATABASE AND DATA PORTAL

TS-Arena initially focuses on energy domain challenges, which provide high-frequency data avail-
ability (Kanter, 2025) and complex, dynamic patterns such as wind and solar generation, human
behavior in load patterns, and economic mechanisms in pricing (Hong et al., 2020; [Lago et al.|
20215 [Meyer et al., 2025b)). Our challenges cover load, generation, and price forecasting across
various frequencies, horizons, and aggregation levels from market zones to trading hubs.

A.4 API PORTAL

Following the FPRP, challenges are conducted in rounds, where each round represents a single
FPRP execution (Section [2). Rounds initialize at pre-defined, publicly visible times according to
challenge-specific schedules.

We calculate the Mean Absolute Scaled Error (M AS F) with naive baseline for each forecast (Hyn-
dman & Koehler, [2006). Similar to TabArena (Erickson et al., [2025)), we report ELO scores with
confidence intervals through pairwise model comparisons based on M ASE scores per round. In
difference to TabArena, where models are compared per dataset, in TS-Arena models are competing
per challenge round. For models m; and m;, comparison in round 7 occurs only if both participated
(MASEs P;, and P; ,. are valid). The outcome 5; ; , is:

{10 if Pi,r < Pj,r (Wln)
Sijr = . (D
0.0 if P, > P;, (Loss)

Since ELO ratings exhibit path dependency, we employ Randomized Replay Bootstrap (B = 500)
following TabArena (Erickson et al., 2025). We permute the chronological order of rounds across
B iterations, recalculating the £/ LO trajectory from scratch each time. The 95% confidence interval
is derived from the 2.5th and 97.5th percentiles of these bootstrap iterations. ELO scores are re-
ported by challenge, frequency, and horizon, alongside mean M ASE with standard deviation. The
current implementation focuses on point estimates, but the architecture supports future integration
of probabilistic metrics such as CRPS.

A.5 DASHBOARD API & FRONT-END

The Dashboard API provides detailed and aggregated information for all time series and challenges,
feeding the front-end as already shown in Figure[2| The interface includes aggregated leaderboards,
live forecast views, and specific pages for challenges and models, with filtering capabilities enabling
researchers to identify relevant models for their domain.

A.6 REFERENCE MODEL SERVICE

The Reference Model Service ensures consistent baseline participation in every challenge round,
interacting with the public API Portal under identical constraints as external participants. We imple-
mented the models like a practitioner by following official implementation suggestions:

 Official Codebases: We utilize official repositories provided by model authors.

* Zero-Shot Configurations: TSFMs are executed using author-recommended default set-
tings.

We select TSFMs from peer-reviewed literature with available checkpoints and/or demonstrated
strong performance in other benchmarks, including recent and successor models. Still, this initial
set will be extended by integration of new models and hopefully external participants.

B SNAPSHOT 2025-12-31 - DETAILED RESULTS

Table 2 summarizes the global ELO ratings and M ASE at the end of 2025 for all evaluated TSFMs
and baseline methods, reporting both overall results and performance across specific frequencies and
horizons.



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

Model Architecture Review Published Source

TTMs*1 R1 Mixed 1 08.01.24 (Ekambaram et al.,|2024)
Moirai Encoder-only 1 04.02.24 (Woo et al.,|2024)
Time-MoE Decoder-only 1 24.09.24 (Shi et al., 2024)
TTMS*1 R2 Mixed 1 08.10.24 (Ekambaram et al., 2024
Chronos Bolt  Encoder-decoder 0 26.11.24 (Ansari et al .} [2024b)
TimesFM 2.0  Decoder-only 0 20.12.24 (Das et al., [2024)
Sundial Decoder-only 1 02.02.25 (L1u et al.,[2025b)

TiRex Encoder-only 1 29.05.25 (Auer et al.,|2025)
VisionTS++ Vision 0 06.08.25 (Shen et al.,|2025)
Flowstate Encoder-decoder 0 07.08.25 (Graf et al.|[2025)
TimesFM 2.5  Decoder-only 0 15.09.25 (Das et al.} 2024)
Chronos-2 Encoder-only 0 17.10.25 (Ansari et al.| [2025))
Moirai 2 Encoder-only 0 12.11.25 (Liu et al.l |2025a)

Table 1: Reference TSFMs included in TS-Arena
“'TTMs = TinyTimeMixers

Global 15 min / 1 day 1h/3 days
Model Rounds ~ ELO™  MASE(4y ELO  MASE(1y ELO  MASE(4y)
chronos-2 1488 1289782, 0.732108s 1288732  0.70611.17 1295799  0.751i0.5s
tirex 3319 1270755 0.6821071 1277715 0.68510s0 1273755  0.68040.48
moirai-2-small 1150 1263755 0.76711.01 1261750  0.7341146 1270705 0.78810.58
timesfm-2.5-200m 1902 1240185, 07471000 1282750  0.7211100 1216758 0.76810.61
chronos-bolt-base 5090 1214795 0.72310.0s 1262708 0.727:1119 1180757 0.71810.72
flowstate 2411 1214150, 0.71040.02 1241195,  0.69611.20 1203798 0.72240.58
chronos-bolt-small 5090 1206755 0.72610.97 1233750 0.7391120 1183755  0.71310.67
chronos-bolt-mini 5090 1200182, 0.7241002 1212755 0.7424112 1187FL 0.70510.67
chronos-bolt-tiny 5090 1194701 0.7221080 1197750 0.7461110 1192705 0.69910.60
timesfm-2.0-500m 5088 1178%5  0.7374100 1168755 0.77941510 1197755 0.69440.54
sundial-128m 4828 1154750 0.73610.90 1195705 0.75311.14 111875 0.72040.57
moirai-base-model 5090 1113773 07531056 1066755  0.7961061 116275 0.70940.51
moirai-large 5090 1099755 0.7744072 10217507 0.83840.ss 1167705 0.71040.52
tinytimemixer-r2-1024-96 4890 1046752 0.79011.0s 107875,  0.8191135 1014758 0.76010.70
tinytimemixer-r1-1024-96 5088 1042787 07854100 1053122 0.8174126 1034755  0.75340.64
time-moe-50m 5089 1035795 0.8231167 1011755 0.8961025 10587500 0.74910.72
time-moe-200m 5088 1033750 0.8241162 1003753  0.8961016  1063Tgs  0.75210.75
moirai-small 5090 1031755 0.7881t0.61 1005795  0.8371071 105475,  0.74010.47
seasonal-naive 5105 9227117 09754130 9137105 10464170 9247135 0.90340.70
seasonal-average 5101 866T10s  1.0864256 8227105 12454340 9037712 0.92740.03
visiontspp-base 2422 8627407  1.0264127  8931%] 09781166 82074 1.06810.77
visiontspp-large 2422 7972 11014158 82570¢  1.0961210 76575  1.105+0.03
simple-moving-average 5089 609755 1.431+4.06 5947191 1.606+6.88 610725° 1.256+1.32

Table 2: Reference TSFM and Statistical Baseline MASEs and Elo-Scores in the Backtesting Year
2025

chronos-2 leads with a global ELO of 1289752, followed by tirex (1270753 and
8

moirai-2-small (1263755). Differences in confidence intervals reflect the number of com-
pleted rounds: tirex (3319 rounds) shows tighter bounds (+73/ — 86) than chronos—2 (1488
rounds, +82/ — 101). Since the top intervals overlap, their performances are statistically similar and
further evaluations are required.

Rankings vary slightly by resolution. In the high-frequency setting (15 min / 1 day), chronos-2
leads (1288), ahead of t imesfm-2.5-200m (1282) and tirex (1277). In the lower-frequency
setting (1 h / 3 days), chronos—-2 again ranks first (1295), followed by tirex (1273) and
moirai-2-small (1270).

Scaling effects are evident within model families. In the chronos-bolt series, ELO in-
creases monotonically with size: tiny (1194) < mini (1200) < small (1206) < base
(1214). Newer versions also outperform earlier ones: moirai-2-small (1263) surpasses

10
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moirai-base-model (1113)and moirai-large (1099), and t imesfm-2.5-200m (1240)
exceeds timesfm—2.0-500m (1178).

ELO rankings broadly align with M ASE, though not perfectly. tirex attains the lowest global
MASE (0.682) despite ranking second in ELO, suggesting more consistent accuracy. Larger models
tend to win more often but also exhibit greater variability. sundial-128m performs competitively
(ELO 1154, MASE 0.736), outperforming moirai-base-model (ELO 1113, MASE 0.753).
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