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ABSTRACT

Large models for time-series forecasting have been emerged as a promising
paradigm for training models on heterogeneous collections of signals. These mod-
els typically rely on causal autoregressive architectures, where each observation
is sequentially predicted from past. In practice, real-world time-series exhibit
non-stationarities, which significantly influence predictive performance. To mit-
igate this, normalization is commonly employed. However, in efficient causal
settings it might induce information leakage from future observations during train-
ing. Recent alternatives, including causal normalization and statistics computed
from initial observations, have been proposed to address this issue, but their prac-
tical implications remain insufficiently understood. In this work, we evaluate nor-
malization strategies for transformer-based large time-series models trained with
patching and efficient causal strategy. We showcase that normalization choice
significantly influences both training convergence and forecasting performance.

Track: Research

1 INTRODUCTION

Motivated by the success of large language models (LLMs) (OpenAl et al.| 2025} |Grattafiori et al.,
2024), large time-series models aim to learn transferable representations from large-scale and het-
erogeneous corpora of signals. Towards this end, modern architectures for forecasting (Cohen et al.,
2025 |Auer et al., 2025; |L1u et al., 2025; Shi et al., 2025 |Das et al., [2024; |Graf et al., 2025; |Ansar1
et al., |2025) typically adopt patch-based representations (Nie et al., [2023). Efficient causal train-
ing in this context refers to schemes where each patch in a sequence is predicted based on past
ones, either sequentially or in parallel, while computational efficiency is maintained through reuse
of intermediate representations.

However, the statistical heterogeneity of real-world time-series, manifested in varying means, vari-
ances, and distributional shifts, poses substantial challenges for performance. While normalization
techniques such as RevIN (Kim et al.| [2022), designed to remove and restore time-series statistics,
are widely used in supervised forecasting, their integration into large models with efficient causal
training is non-trivial. In particular, computing global statistics introduces look-ahead leakage that
violates causal constraints during efficient training. Although recent approaches propose causal-
based (Cohen et al.l 2025} |Graf et al., |2025) or prefix-based (Das et al.l 2024} |Liu et al., 2025)
normalization schemes, a principled understanding of how normalization choices influence training
dynamics and downstream performance remains limited.

In this work, we present a unified evaluation of normalization strategies for causal large time-series
models. We isolate normalization as the varying factor within a fixed large-scale efficient causal
training framework While we primarily consider univariate settings, our analysis can be extended to
multivariate cases, and we focus on Transformer architecture (Vaswani et al., 2017).

The most closely related prior study,|/Ahmed et al.| (2025)), compares normalization strategies in early
large time-series models (Ansari et al., 2024; |Woo et al., 2024} Feng et al.| [2024)), concluding that
mean—variance scaling leads to better performance. However, their analysis does not address the
constraints imposed by efficient causal training. Consequently, strategies such as causal-based and
prefix-based are not examined.
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Our contributions are twofold: (i) we formalize a categorization of normalization strategies for
large time-series models, dividing them into vanilla, prefix, and causal variants; (i) we empirically
demonstrate that normalization choice play a critical role in shaping both training convergence and
forecasting accuracy.

2 A CATEGORIZATION OF NORMALIZATIONS IN LARGE TIME-SERIES
MODELS

Patching for time-series was introduced in Nie et al.| (2023)), where a patch-based Transformer ar-
chitecture was proposed for forecasting. This paradigm has since become a standard component
of large time-series models. Patches correspond to contiguous segments of a time-series and play
a role analogous to tokens in language models. Formally, an input signal x € RY of length w

is divided into consecutive patches of length L. Let N = [ ] be the number of patches and
xp = (Xp,, " 7XPN)T € RNXL where the i-th patch is denoted by xp,. Models are trained to
predict the next patch xp, , , given the previous patches xp, ,...,xp, fori = 1,...,N — 1. Thus, a

single forecast estimates the L future observations.

However, unlike discrete tokens, time-series patches are continuous-valued, which necessitates nor-
malization to ensure robustness across signals with varying scales. Given a patch xp,, normalization
is defined as:

%p, = ~Pi _Hi (1)

i ’

V4 01-2 +€
where 1; and o7 are the mean and variance used to normalize xp, and computed by a given normal-
ization strategy. Here, the parameter ¢ > 0 ensures numerical stability.

It is standard to compute normalization statistics over the entire available window, yielding the most
accurate estimate of the signal distribution. However, under an efficient causal setting, training a
model using this strategy without relaxation is impossible. Specifically, the normalization statistics
differ when forecasting xp, and xp, , ,, that prevent the reuse of computations between consecutive
patches (See Appendix [A.T)). This motivates to modify normalization strategies.

2.1 VANILLA REVERSIBLE INSTANCE NORMALIZATION

RevIN (Kim et al.} |[2022) is a normalization—denormalization framework that normalizes input se-
quences, feeds them into the model, and subsequently denormalizes the outputs to address distribu-
tion shifts between different signals. RevIN has been adopted in recent time-series models (Auer
et al., 2025 |Ansari et al.,|2025). In a vanilla RevIN strategy, normalization statistics are computed
as

f1; = Mean(concat(xp, ,...,Xpy)), 07 = Var(concat(Xp,,...,Xpy)), (2)
where each patch is normalized using the same global statistics. This allows for efficient training,
but it violates causal constraints. However, during inference, this strategy provides the most accurate
statistics for normalization.

2.2 PREFIX@k REVERSIBLE INSTANCE NORMALIZATION

To avoid statistics leakage during training, a prefix-based strategy computes normalization statistics
using only the first k patches (k = 8 in our experiments), as proposed in Das et al.[(2024); |Liu et al.
(2025)). While |Das et al.|(2024) use only the first patch, Liu et al.[(2025) generalize this approach to
the first £ patches, with 1 < k£ < N. To maintain training consistency, we do not forecast the first k
patches; instead, we predict xp, 150 XPyo and the normalization statistics are computed as

p; = Mean(concat(xp,,...,Xp,)), 0, = Var(concat(xp,,...,Xp,)). 3)

A principal limitation of this strategy is its sensitivity to non-stationarity that may lead to distribution
shifts occurring after the prefix window, resulting in inaccurate normalization of subsequent patches.
During inference, statistics can be computed either over the first k patches for consistency with
training or over the full context as in vanilla RevIN. In our main experiments, we use the k-patch
statistics, additional ablation results (see Appendix [A.Z)) indicate that full-context statistics do not
improve performance.
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2.3 CAUSAL REVERSIBLE INSTANCE NORMALIZATION

Causal normalization computes statistics for patch xp,, using only preceding patches (Graf et al.,
2025} |Cohen et al., 2025), in the following way:

j1; = Mean (concat(xp,,...,Xp,)), ©0; = Var(concat(xp,,...,Xp,)). 4)

This strategy preserves causal integrity and eliminates look-ahead bias. Moreover, it enables key-
value caching (Gao et al., [2025)) during inference, which avoids recomputation of key and value
projections for previously processed patches. This mechanism significantly reduces inference cost
with transformers (with an analogous reduction achieved through the reuse of hidden states in uni-
directional models). Unlike other normalization approaches, this strategy uses patch-specific means
and variances, adding only negligible computations (see Appendix [A.3). However, the normalized
representation may exhibit non-smooth transitions across patches.

2.4 SINH AND DENORMALIZATION

The sinh ™! transformation is a continuous and monotonic function that behaves similarly to the
logarithm for large values. Recent approaches (Ansari et al., |2025), building on earlier work
(Uniejewski & Weron| 2018)), apply this transformation after normalization to mitigate the influ-
ence of outliers in time-series. We evaluate this transformation under the three normalization strate-
gies presented above. Thus, when incorporating the sinh ' transformation, the final input becomes
%p, = sinh ™! (Xp, ). During denormalization, the inverse transformation is applied:

Xpiy, = (\/ o} + 6) T (§Pi+1) + M, ®)

where §pi 4, denotes the model prediction in the normalized space before inverse transformation
and 7 ! represents the inverse of the transformation used during normalization (identity or sinh),
enabling recovery of the original scale.

3 EXPERIMENTS

‘We conduct experiments to assess how these normalization strategies affect Transformer-based time-
series forecasting models under efficient causal training. Although the models are trained with the
pinball loss (Auer et al., 2025} |Liu et al., [2025; |Ansari et al.|, [2025) to estimate quantiles, we report
results using only the 0.5 quantile (median) as a point forecast for clarity. Furthermore, we restrict
our study to univariate time-series; however, the presented strategies can extend to multivariate
settings by computing statistics independently for each channel. We use a 300M-parameter Trans-
former architecture with patch-based inputs, described in Appendix The models are trained on
a large and diverse corpus of real-world time-series from the GIFT pretraining (Aksu et al., 2024)
and UTSD (Liu et al.,|2024) datasets, complemented with synthetic data, comprising approximately
715M patches, training and dataset details are provided in Appendix Evaluation is performed
on test sets drawn either from the same distribution as the training data (using evaluation segments
from UTSD and newly generated synthetic signals) or from distinct distributions (GIFT-Eval), across
multiple context lengths (128, 256, 512) and forecasting horizons (32, 64, 96, . . ., 512), yielding ap-
proximately 115,000 distinct signals with our pipeline. During autoregressive inference, the normal-
ization procedure is identical to that used during training (see Appendix [A.6).

3.1 TRAINING CONVERGENCE

Figurepresents the training loss trajectories. At initialization, and Causal+sinh ' achieve
the lowest losses, followed by RevIN and RevIN+silﬂfl, whereas Prefix @k and Prefix @ k+sinh !
exhibit substantially higher initial losses. Forecasts produced by causal-based strategies better match
the local scale of each ground-truth patch, as they rely on patch-specific statistics, which likely ac-
counts for their lower initial loss. In contrast, prefix-based strategies are more sensitive to non-
stationarities in the training data: their forecasts are scaled according to the first k£ patches, which
may differ from the scale of subsequent patches, leading to higher initial losses. Vanilla strate-
gies occupy an intermediate position, with initial losses higher than those of causal-based strate-
gies but lower than those of prefix-based strategies. As training progresses, the ranking changes:
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RevIN+sinh ™" and RevIN reach the lowest minima as it can be seen in Figure The Causal+sinh ™"
and Prefix @[ strategies converge to a comparable secondary plateau. Finally, stabilizes at a

higher loss, while Prefix@k+sinh " exhibits both the highest loss and the greatest variability (see
discussion in Appendix [A.7).
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Figure 1: Training loss for first 100K steps. Figure 2: Training loss for 200K-225K steps.

3.2 FORECASTING PERFORMANCE

Across all test signals, context lengths, and forecasting horizons, two strategies seem to outperform
the others: Causal+sinh ™' and Prefix@F, in terms of MAE, RMSE, and MASE (Mean Absolute
Scaled Error; Eq. as reported in Table With respect to MAE and RMSE, Causal+sinh !
achieves the strongest overall performance across all context lengths, with Prefix @£ ranking sec-
ond. In contrast, Prefix @/ attains the best MASE results, followed closely by Causal+sinh ! and

. The Prefix@Fk+sinh ™' strategy systematically underperforms across all metrics and con-
text lengths. RevIN, RevIN+sinh ', and exhibit intermediate performance. Notably, the
inclusion of the sinh™" transformation improves the performance of but degrades that of
Prefix@F. Additional results such as pairwise skill scores are reported in Appendix[A-§|and confirm
our findings considering the leaders.

Table 1: Critical difference diagram (DemSar, [2006)) results across context sizes w for each normal-
ization strategy aggregated by datasets and forecasting horizons. The best overall mean rank for
each metric and context size is shown in bold, and the second-best is underlined (lower ranks in-
dicate better performance). Strategies connected within the same group (rank®) are not statistically
distinguishable according to the Nemenyi test with o = 0.05. Best group is a, second-best group is
b, and so on. Results are aggregated over all test signals and forecasting horizons.

[ Prefix@k | Prefix@k-+sinh ™ | RevIN | RevIN+sinh~! | | Causal+sinh !
w | 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512 | 128 256 512

MAE |2.7% 29° 29P |53¢ 499 49¢ |33%0 35bc 3gbe|z4ab 3gbc 4gbe|3gb 4 3ed 3gbe|psn g5 g 70
RMSE | 2.6¢ 29" 2.8 [50° 499 50° |3720 370 39bc|34ab 36bc 39b |30 44cd 35D 1260 152 182
MASE | 228 1.8% 222 |39Y 32b 375 |44P¢ s52¢ 539 | s59° 54 4399 |26* 3.1P 2.72b|28% 2280 292

4 CONCLUSION

In this work, we propose a categorization of normalization strategies for large time-series mod-
els, highlighting the trade-off between causal integrity and forecasting accuracy. Our empirical
analysis suggests two main insights for model design. First, we observe that although statistical
leakage during training in RevIN and RevIN+sinh ' can lead to lower training loss, this advantage
does not systematically translate into improved downstream performance. This indicates that pre-
serving causal integrity may contribute to better forecasting accuracy. Second, our results indicate
that Causal+sinh ' and Prefix@/ are promising candidates for large-scale training. While they
reach comparable asymptotic training losses, they exhibit complementary metric-dependent behav-
ior: Causal+sinh ' tends to perform better in terms of MAE and RMSE, whereas Prefix @k often
achieves stronger results under MASE, with causal-based strategies yielding competitive perfor-
mance. Together, these observations provide practical guidance for choosing normalization strate-
gies that accommodate the diverse statistical characteristics of heterogeneous time-series data while
preserving efficient causal training.
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A APPENDIX
The code is available at Github Anonymized URL,

A.1 FORMALIZATION OF THE PROBLEM SETTING

We consider the task of univariate time-series forecasting using patch-based representations. Let a
time-series be partitioned into a sequence of patches

X:(XPNXPW"'»XPN)a (6)
where each patch xp, € R corresponds to a contiguous segment of length L. Given the first n
patches, the objective is to predict the next patch xp,, ;.

We denote by fy a causal forecasting model parameterized by 6. The prediction of the next patch is
defined as

)A(P,,Hrl - f@,n(XPl P aXPn)7 (7)
where causality means that hidden representations of each patch depend only on past ones.
During training, the model is optimized to minimize a loss function £ over all patches in the se-
quence:

1

N-1

where D denotes the training distribution.

Ineln EX:(XP1 yeesXpPy )~D

N-1
> L(fon(xp,..-xp,) xp,LL) | ®)
n=1
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Causal Self-Attention Model. For clarity, we instantiate fy as a single-head self-attention mech-
anism with causal masking. A similar analysis can be done for LSTM-based models, where the
hidden state at each step depends only on past inputs, and the same normalization issues arise. The

prediction for the next patch Xp, , is computed as

fon(xpy,. ., xp,) = Z om,i Wyxp,, ©))
i=1
where the attention weights are defined as
exp (Woxp,) " (Wikxp,))
>jrexp (Woxp, )T (Wikxp,))

Here Wgo, Wk, Wy € RY*L are the query, key, and value projection matrices, and 6 =
{WQ7 WK ) WV}

Then, when forecasting the subsequent patch Xp, . ,, the model computes

(10)

Qp 3 =

n+1
Jont1(Xpy,...,Xp, ) = Z ant1,; Wyxp,, (11)
i=1
with updated attention weights
eXp ((WQXP71+1 )T (WKXPz ))

On41,4 = n .
Zj;l exp (Woxp,,,) T (Wkxp,))

Notably, the previously computed projections
(WKXP,;, WVXP@) fori = 1,...,’/1 (13)

can be reused, enabling efficient incremental computation.

12)

Furthermore, transformers architectures can perform all predictions during efficient causal training
in parallel using matrix operations and causal masking during training, making it very efficient
during training.

%o Wox1 Wix1\ | 10 -~ 0 Wy xy
)Aig WQXQ WKX2 1 1 L 0 WvX2
= RowSoftmax . ©® | —oco- . .
Xn+1 Waoxn Wkxn 11 - 1 Wy xn
———— —_——— ————— —_— N———
cRn XL RN XL RLXn RnXn RnXL

RowSoftmax applies the softmax operation independently to each row. The strictly lower-triangular
mask enforces causality by preventing each query from attending to future patches.

This formulation naturally extends to multi-head attention and deeper Transformer architectures.

Normalization in the Patch Space. In practice, forecasting is commonly performed in the nor-
malized space. Given the first n patches, we define the empirical mean and variance as

1 1 @ 1 (1
(). A ()
j=1 i= J=1

n
i=1 i=1

Each patch is then normalized as

where € > 0 ensures numerical stability.

The model predicts the next normalized patch:

Xp,., = fon (XS, %), (16)
and the prediction is mapped back to the original space via
XP, 41 :%pn+1 “\OE A+ e+ . (17
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Impact of Normalization on Causal Computation. When using normalized inputs, the attention
computation becomes

fon (S x5 =" g Wyl (18)
=1

with ) (n)
— exp (Woxp, )T (Wkxp.)) 19)
T exp (WoRl) T (Wkkl))

Crucially, when a new patch xp, ., becomes available, the normalization statistics change from

(ftn,02) 0 (1,02, ). As a consequence, all previously normalized patches must be recom-
puted:

Xyt 2% i<, (20)
Therefore, previously computed key and value projections

(Wrxd), Wyxl?) fori=1,...,n 1)
cannot be reused.

This dependency breaks the efficient incremental computation property during training with Trans-
formers. Hence, standard normalization schemes are fundamentally incompatible with causal pre-
training unless one accepts either statistical leakage or modified normalization strategies.

This observation motivates the normalization strategies studied in the main paper.

A.2 PREFIX NORMALIZATION DISCUSSION

For Prefix normalization (Prefix @/ and Prefix@k+sinh '), we evaluate a single prefix length of
k = 8 patches. This value is chosen as a practical compromise between obtaining sufficiently stable
normalization statistics and limiting the prefix window to reduce the risk of distribution shifts within
the context. Nevertheless, the choice of k£ remains an important hyperparameter, and a systematic
investigation of its impact on convergence and forecasting performance is left for future work.

During inference, normalization statistics can be computed either using the first &k patches, in order to
remain consistent with the training procedure, or using the full context (vanilla strategy). In the main
experiments, we adopt the k-patch statistics (allowing the use of key—value caching) and additionally
evaluate the use of full-context statistics at inference time. The results indicate that this alternative
does not lead to performance improvements for either Prefix @/ or Prefix@k+sinh ™. Specifically,
Prefix@Fk achieves the best overall performance, followed by its full-context variant Prefix @k V2,
then Prefix @ k+sinh ' and its corresponding full-context variant Prefix @k V2+sinh ™', as reported
in Table

Table 2: Critical difference diagram (Demsar, [2006)) results across context sizes w for Prefix nor-
malization strategies aggregated by datasets and forecasting horizons. The best overall mean rank
for each metric and context size is shown in bold, and the second-best is underlined (lower ranks in-
dicate better performance). Strategies connected within the same group (rank®) are not statistically
distinguishable according to the Nemenyi test with oo = 0.05. Best group is a, second-best group is
b, and so on. Results are aggregated over all test signals and forecasting horizons.

[ Prefix@k \ Prefix@k V2 | Prefix@k+sinh ™" | Prefix@k V2+sinh ' |
w | 128 256 512 10241 128 256 512 10241 128 256 512 1024 | 128 256 512 1024

MAE | 17% 13* 11® 1.3 [13* 17* 21 192 [3.7° 34® 3.0¢ 3.1° |33P 36> 37¢ 37°
RMSE | L6* 1.3* 1.1% 1.2° [14* 1.7* 21° 21" |3.6° 34° 31¢ 30° [34° 36° 37° 38
MASE | 14% 120 1.7° 1.3% | 1.6* 22Y 220 25 |36 270 285 29bc |34 40° 33 34¢

A.3 COMPUTATIONAL OVERHEAD

The computational cost introduced by the different normalization strategies remains negligible rel-
ative to the overall model complexity. Given N patches in the context, and Causal+sinh !
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require the computation of N means and variances, whereas Prefix @, Preﬁx@k+sirﬂfl, RevIN,
and RevIN+sinh ™ rely on a single mean and variance estimated over the entire context. Impor-
tantly, and Causal+sinh ™" enable the use of the key—value caching mechanism at inference
time without additional assumptions, thereby avoiding the recomputation of key and value projec-
tions for past patches and significantly reducing inference latency, as illustrated in Figure[3] Vanilla-
based strategies, for each new patch appended to the context, require recomputing the normalization
statistics and re-normalizing all past patches, which prevents the use of key—value caching. How-
ever, it is possible to consider some relaxations for using key—value caching with these strategies,
such as editing the normalization statistics not at every step but only after a certain number of new
patches, or using the statistics from the last steps for a certain number of new patches, which would
introduce some approximation but could still yield significant computational savings.

Inference Time vs Horizon Length for different normalization strategies Inference Time vs Horizon Length for different nor strategies

— Causal + sinh~!

—4— RevIN + sinh~!

—¥— Prefix@k + sinh~!

—®— Causal + sinh~! + KV Cache
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(a) Context length 128 (b) Context length 256

Inference Time vs Horizon Length for different normalization strategies Inference Time vs Horizon Length for different nor strategies
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Horizon Length Horizon Length

(c) Context length 512 (d) Context length 1024

Figure 3: Inference time versus horizon length /i, comparing normalization strategies and the use of
key—value caching in Causal+sinh " across different context lengths. Similar behavior is observed
without the sinh ™" transformation.

A.4 MODEL ARCHITECTURE

We employ a Transformer architecture optimized for patch-based time-series forecasting. The model
is trained to generate probabilistic forecasts, outputting the median alongside a set of predictive
quantiles to characterize uncertainty.

The core architecture consists of stacked layers of multi-head self-attention and feed-forward net-
works. We use SwiGLU activation functions within the FFN blocks (Shazeer, [2020) and incorporate
Rotary Positional Embeddings (Su et al.| [2023)) to inject relative temporal information into the at-
tention mechanism. Standard residual connections are used throughout the stack, and temporal
causality is strictly enforced via a triangular attention mask.

Table 3: Model configuration

Component Value

Patch size L 32 observations

Max context N 32 patch (1024 observations)

Forecast horizon 1 patch (32 observations)

Quantiles Q {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}
Model dimension 2048

Number of layers 6

Attention heads per layer | 64

Head dimension 32

Parameters ~ 300M
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A.5 TRAINING

A.5.1 TRAINING DATA

Training such a model requires a large and heterogeneous corpus of time-series, enabling it to learn
representations that generalize across signals rather than overfitting to individual instances. We
therefore combine synthetic datasets, spanning diverse scales, dynamics, sampling rates, seasonali-
ties, noise levels, and distribution shifts, with real-world data including industrial sensors, electricity
load, and weather measurements.

Artificial Dataset. We synthesize approximately 1.4M time-series from basic families such as
sinusoidal, linear, polynomial, and logarithmic functions, as well as their mixtures, using TSMixup
(Ansari et al., |2024) to increase pattern diversity. In addition, we adopt the KernelSynth strategy
from |Ansari et al.|(2024)) to sample Gaussian-process signals with mixtures of kernels (e.g., RBF,
periodic, linear), sweeping hyperparameters (amplitudes, frequencies/periods, length scales, noise)
to cover a broad range of dynamics.

Real-World Dataset. For real-world signals, we leverage two datasets. The first is the Unified
time-series Dataset (UTSD) (Liu et al.l 2024)), spanning seven domains: Energy, IoT, Nature, Web,
Health, Transport, and Environment. UTSD is organized hierarchically to provide multiple bench-
mark subsets, where each smaller dataset is a strict subset of a larger one, enabling scalable training
and evaluation. It aggregates publicly available time-series curated from diverse research groups
and providers. For training, we use UTSD-12G, which yields approximately 19M signals under our
preprocessing pipeline.

The second dataset is the GIFT-Eval pretraining corpus (Aksu et al.| 2024)), aligned with the GIFT-
Eval benchmark but constructed to avoid data leakage with respect to the benchmark train/test split,
enabling a fair evaluation of large models on GIFT-Eval. The dataset contains approximately 71
univariate and 17 multivariate time-series datasets from various domains and frequencies. After
preprocessing, this yields approximately 1.2M univariate time-series.

A.5.2 TRAINING OBJECTIVE - MULTI-QUANTILE (PINBALL) LOSS

The model is trained not only to forecast the next patch but also to estimate predictive quan-
tiles (Auer et all) [2025 [Liu et al), 2025 |[Ansari et al, [2025). We output quantiles Q =
{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}, where the median (¢=0.5) serves as the point forecast, and
the remaining quantiles provide uncertainty bands.

During training, the model takes as input a sequence of N patches xp,, ..., xp,. For each position

i € {1,...,N}, it outputs quantile predictions for the next patch xp,_ ,, which is conditioned on the

past patches xp,, ..., xp,. We denote the prediction at quantile g by fcglll € RV,

Then, the training objective is the multi-quantile (pinball) loss. Aggregated over positions, patch
elements, and quantiles, it is defined as:

EiNJQE:Z:XMxmwwfﬁﬁa- (22)

N L
i=1 t=1 ¢€Q

where the pinball loss p, is defined as:

_ Jau, u =0,
pa(w) = {(q —1Du, u<0. @3)

A.5.3 SETUP

Training was performed on 4 NVIDIA V100 GPUs. The implementation uses PyTorch Lightning
with Distributed Data Parallel. We have a global batch size of 1024 and train for 225k steps in total.
We use the AdamW optimizer, a learning rate starting at 10~° with a linear warm-up over 10k steps
until 5.10~4, followed by cosine decay to 10~° until 150k steps, and then a constant learning rate
until the 225k steps.

10
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A.6 INFERENCE Loop

During inference, forecasts are generated autoregressively, patch by patch. Given an initial context
of N patches, the model predicts the next patch, which is appended to the context and used to
generate subsequent predictions. At each step, we apply the same normalization strategy as in
training to ensure methodological consistency.

For RevIN and RevIN+sinh ', normalization statistics are computed over the entire current context.
After appending a newly predicted patch, the context is updated and the statistics are recomputed
before the next prediction.

For Prefix @/ and Prefix@k+sinh ™", statistics are computed over the first k& patches of the context.
When new patches are appended, the statistics remain unchanged.

For and Causal+sinh ', statistics are computed in a causal manner for each patch. When
a new patch is added to the context, its normalization statistics are computed using only preceding
patches.

This procedure is repeated until the desired forecast horizon is reached.

A.7 EXTENDED DISCUSSION ON TRAINING DYNAMICS

Causal normalization appears to exhibit faster initial convergence, as suggested by Figure [d]a).
At initialization, the model is untrained and its parameters are randomly initialized, leading to es-
sentially random patch predictions. Based on patch-specific statistics, the denormalization step in

and Causal+sinh " may help map these random patch predictions back to the original scale
of the local data, which could explain the lower initial loss. As training progresses, however, the
model must learn to cope with the non-smoothness introduced by patch-wise normalization, which
may limit its asymptotic performance.

Vanilla normalization tends to begin with a higher loss, as this strategy is not specifically adapted
to local statistics (Figure ff[(b)). At initialization, the model’s random patch predictions are denor-
malized using statistics computed over the entire context, which may not accurately reflect the local
scale of each patch. Nevertheless, this strategy appears to achieve the lowest asymptotic loss in our
experiments.

Prefix-based strategies generally start with the highest initial loss. At initialization, the model’s ran-
dom patch predictions are denormalized using statistics computed from a fixed prefix of the context.
These statistics may not be representative of the local scale of subsequent patches, particularly when
the signal exhibits non-stationarity or trends (Figure d{(c)). As a result, the denormalized predictions
are expressed in the scale of the prefix, which can differ substantially from the scale of the local
patch, potentially leading to a significant initial error.

Furthermore, prefix-based strategies appear to exhibit instability when combined with sinh ™', If the
signal exhibits non-stationarity or a trend shift after the prefix window, later patches may become
out-of-distribution relative to the prefix statistics. The sinh ™! transformation can compress these
large values, resulting in a loss of feature resolution. Consequently, the model may struggle to map
these compressed representations back to the original scale during denormalization, which can lead
to increased forecasting error.

Causal - L1 Loss: 2.4405 RevIN - L1 Loss: 2.5280 Prefix@k - L1 Loss: 4.1010

Predicted (Median)
— True

Predicted (Median)
— True

Predicted (Median)
— True

Value
Value
Value

00 &0 a0 1000 ] 200 00 &0 a0 1000 ] 200 00 &0
Time Time Time

(a) Causal (b) Vanilla (c) Prefix@k

Figure 4: Forecast for each normalization strategy on a synthetic non-stationary sinusoidal signal at
initialization.
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A.8 MORE RESULTS

In this section, we provide additional experimental results. But first, we clarify the computation of
the MASE metric in our experimental setting.

Given a context signal x € RY, we define the future horizon of interest as the next h values,
which we denote as the ground-truth observations as the target sequence Xy, € R”. The model’s
corresponding estimate for this horizon is denoted as the predicted sequence %X, € R”. The Mean
Absolute Scaled Error (MASE) is then computed as follows:

% Z?:l |Xtar7i - )A(tar,il

T Dy X = xja ]

MASE = 24)

Since the scaling factor in the denominator is based on one-step differences within the context,
whereas the numerator aggregates errors over a potentially long forecast horizon, the MASE natu-
rally tends to exceed one in most cases, even when the model exhibits strong predictive performance.

We complement the critical difference diagrams presented in the main paper with pairwise skill
scores (Shchur et al.l 2026)). The skill score of a given strategy s with respect to a reference strategy
r is defined as

SkillScore(s, ) H chp< 1 u> (25)

where Errg ¢ denotes the error of strategy s on dataset d, D is the total number of datasets, and
clip(-, !, u) constrains the ratio to the interval [/, u] in order to prevent extreme values from dispro-
portionately influencing the aggregated score. Following Shchur et al.| (2026), we set { = 0.01 and
u = 100.

The skill score takes values in (—oo, 1]: a score of 1 corresponds to perfect performance (i.e., zero
error), a score of 0 indicates performance equivalent to the reference strategy, and negative values
indicate worse performance than the reference. Thus, SkillScore(s, r) quantifies the average relative
error reduction achieved by strategy s compared to the reference strategy r across datasets.
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Figure 5: Pairwise skill scores for each normalization strategy, aggregated over context lengths,
datasets, and forecasting horizons.

As shown in Figure |5 and consistent with the conclusions drawn from Table Causal+sinh !
achieves the best performance in terms of MAE and RMSE. However, when considering MASE,
Prefix@k remalns the leading approach, with only marginal improvements with respect to
Causal+sinh™ *. While RevIN and RevIN+sinh™ prev10usly exhibited intermediate performance,
they now rank among the lowest-performing strategies under this aggregated skill score analysis.

Secondly, we report complementary comparisons by plotting forecasting performance across multi-
ple prediction horizons, context lengths, and evaluation metrics.

During training, the maximum context length is set to 32 patches (=1024 observations). At evalu-
ation time, when using a context length of 1024 observations and forecasting beyond the next 32

12
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values, we do not truncate the signal when appending predictions to the existing context. Conse-
quently, the effective context length increases with the prediction horizon and may exceed 1024.
This experimental setting enables us to analyze model behavior when the effective context length
surpasses the maximum sequence length encountered during training.

MAE on Artificial dataset RMSE on Artificial dataset MASE on Artificial dataset
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Figure 6: Forecasting performance across prediction horizons on the Synthetic dataset for four con-
text lengths (128, 256, 512, 1024).

On the synthetic benchmark (Figure EI), Causal+sinh ' achieves the strongest overall performance
across all context lengths and evaluation metrics. Causal exhibits stable intermediate perfor-
mance, with a slight degradation at a context length of 1024. For context lengths of 256 and 512,
Prefix@F performs competitively with Causal+sinh ™ '. For context lengths below 1024, RevIN
and RevIN+sinh ' yield the weakest performance across all metrics. However, when the effec-
tive context length exceeds 1024 during inference, RevIN and RevIN +sinh ! achieve performance
comparable to most other methods, except for Causal+sinh ™', which remains superior. Finally,
Prefix@k+sinh " generally exhibits poor performance across all settings.

Results on the UTSD-12G benchmark (Figure [7) reveal a more nuanced performance profile. In
terms of MAE and RMSE, Causal+sinh™ ' and Prefix@/ consistently rank among the strongest
methods across all context lengths. However, under the MASE metric, Causal+sinh ! exhibits
intermediate performance, whereas Prefix @£ remains the top-performing approach.
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Figure 7: Forecasting performance across prediction horizons on the UTSD-12G dataset for four
context lengths (128, 256, 512, 1024).

In contrast to the previous benchmarks, the GIFT-Eval benchmark (Figure @) exhibits a shift in the
optimal normalization strategy. For MAE and RMSE, the non-causal RevIN+sinh ' and RevIN
configurations achieve the strongest performance up to a context length of 1024, after which their
performance slightly degrades.

However, under the MASE metric,
while RevIN+sinh ! and RevIN fall to intermediate ranks.

emerges as the best-performing strategy for the first time,

Notably, Causal+sinh ' exhibits a pronounced scaling failure at context lengths of 512 and 1024 its

performance deteriorates more rapidly than that of other strategies for horizons beyond 288, despite
remaining competitive in terms of MAE and RMSE.

A.9 EXAMPLE OF NORMALIZED SIGNAL AND ERROR ANALYSIS

Figure [9] illustrates the behavior of the evaluated normalization strategies on a synthetic non-

stationary sinusoidal signal. The RevIN strategy, leveraging global context statistics, produces the
most stable representation with consistent zero-mean centering and unit-variance scaling across the

entire sequence. However, as noted in Section [2] this result is achieved through non-causal infor-

mation leakage during training. In contrast, the Prefix @£ strategy achieves a perfect representation
only for the patch k; once the distribution shifts, the normalization fails to track the evolving mean,
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Figure 8: Forecasting performance across prediction horizons on the GIFT-Eval dataset for four
context lengths (128, 256, 512, 1024).

leading to significant bias in later segments. The strategy preserves a well-scaled repre-
sentation but introduces visible non-smoothness. Because statistics are updated at each patch, the
resulting normalized signal appears disjointed. While this approach handles the distribution shift
more robustly than the Prefix @k method, staying closer to a zero-mean representation, the lack of
inter-patch continuity forces the model to manage these abrupt scaling transitions.

Figure [T0] quantifies the normalization discrepancy between each training strategy and the global
inference-time optimum. The RevIN approach exhibits a high initial error that monotonically di-
minishes to zero. This trajectory reflects the “look-ahead” nature of the strategy: early patches
are normalized using global future information during training that is not supposed to be available
during inference, leading to a maximal mismatch that vanishes only at the final sequence element.
Conversely, the strategy begins with zero error—as the first patch is perfectly aligned with
its only available context—but shows a divergent error trend. As the sequence progresses, the causal
prefix statistics increasingly deviate from the more accurate statistics, reaching maximum discrep-
ancy at the last patch. Finally, the Prefix@/ strategy shows a sharp error divergence immediately
following the initial prefix, highlighting its failure to track non-stationary signal shifts beyond the
fixed prefix window.
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Comparison of Normalization Techniques on a Noisy Signal Normalization Error vs Number of Patches Seen
N Patch Boundaries ®
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Figure 9: Example of normalization strategies  Figure 10: Normalization error against more
on a simple increasing sinusoidal. accurate inference strategy.

A.10 LIMITATIONS OF THIS WORK

Our study focuses on univariate time-series, leaving the systematic extension to multivariate set-
tings for future work. While the presented normalization srategies can extend to multivariate signals
by computing statistics per channel, interactions across variables and cross-channel normalization
effects may introduce additional dynamics that we do not explore here. Furthermore, our analy-
sis is restricted to Transformer-based architectures. We do not study normalization strategies for
state-space models (Graf et al.} 2025) or xLSTM-based approaches (Auer et al.| [2025) trained under
comparable conditions. Our analysis is restricted to mean—yvariance-based normalization strategies,
which remain the dominant choice in current large-scale time-series models. Alternative normaliza-
tion families are therefore not considered in this work.
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